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Abstract

Merging fine-tuned models is a promising al-
ternative to costly multi-task training, but task
interference remains a challenge, especially as
the number of tasks grows. We present Di-
vMerge, a reference-free method that merges
models trained on different tasks by minimiz-
ing Jensen-Shannon divergence between their
outputs and those of the merged model, auto-
matically balancing task importance. While the
method exhibits strong theoretical properties,
experiments on classification and generative
tasks with autoregressive models show that Di-
vMerge consistently outperforms prior work,
and remains robust when scaling to more tasks.

1 Introduction

While demonstrating strong performance, the stan-
dard multi-task learning approach for Transformer-
based language models—which involves mix-
ing training datasets from various tasks—is ex-
pensive (Vaswani et al., 2017; Brown et al.,
2020). Model merging—which combines parame-
ters from task-specific models to produce a multi-
task model—has emerged as a cost-effective alter-
native (Ilharco et al., 2023; Goddard et al., 2024,
Yang et al., 2024b). This paradigm is particularly
attractive given the large number of specialized
models available on collaborative platforms such
as Hugging Face (Wolf et al., 2019). However,
existing methods often struggle with interference
between tasks, leading to performance drops, espe-
cially when the number of tasks increases. A major
difficulty in model merging is the absence of an ex-
plicit target distribution for the merged model, un-
like in standard multi-task learning, where training
data from various tasks are combined. To address
this issue, we propose DivMerge, a novel merg-
ing method that leverages the divergence between
the merged model and the original fine-tuned mod-
els to compute optimal merging coefficients for

*Equal Contribution

the combination of fine-tuned models’ parameters.
The motivation is that the output distributions of
fine-tuned models can serve as practical surrogate
targets for the merged model, since each fine-tuned
model is optimized for its own data distribution.
In practice, the merging coefficients for a set of
task-specific fine-tuned models are obtained via an
iterative optimization process. During each step,
unlabelled samples specific to each task are used to
estimate the divergence between the models’ output
probability distributions and the target distributions,
guiding the process. Furthermore, all fine-tuned
models are assumed to stem from a common base
model. So, the coefficients are derived from task
vectors—i.e. the parameter shifts from the base
to each fine-tuned model—rather than from the
models’ parameters themselves. The strengths of

DivMerge are that it provides:
1. Theoretical guarantees and connections with

task interference and the standard multi-task
learning approach where training data from all
tasks are merged.

2. Improved performance compared to state-of-

the-art methods, especially in standard two-task
merging scenarios.

3. Better scalability as the number of merged tasks

increases, demonstrating effective mitigation of
interference.
Finally, while our method is applied on autore-

gressive language models, it is worth noting that
the core of the method applies to other types of
Al models. In the remainder, Sec. 2 positions our
work in the literature before, Sec. 3 formally intro-
duces DivMerge. Then, Sec. 4 analyses theoretical
properties of the method, while Sec. 5 reports ex-
periments on various types of tasks and models.

2 Related Work

This section first reminds the historical idea of com-
bining tasks within a unique model, before brows-
ing various objectives of model merging in general,
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and then specifically focusing on model merging
for the multi-task objective.

Multi-task learning. Multi-task learning (Caru-
ana, 1997) refers to methods that produce a model
capable of solving several tasks. Standard multi-
task learning generally consists in combining
datasets from multiple tasks and training a model
on this union, which is justified by classical results
such as Stein’s paradox (Stein, 1956): combining
unrelated observations allows for a better estima-
tion of their respective expectations. This philoso-
phy is at the core of the production of most current
models such as T5 (Raffel et al., 2020) and, more
recently, models trained on instructions (Shengyu
et al., 2023). Although the results of these models
are now considered state-of-the-art in NLP, this ap-
proach has some limitations. Indeed, several stud-
ies (Baxter, 2000; Ben-David and Schuller, 2003;
Maurer et al., 2016; Standley et al., 2020; Fifty
et al., 2021; Jeong and Yoon, 2025) show that the
choice of tasks is important in order to avoid the
negative effect of some tasks to others, commonly
referred to as interference (Yu et al., 2020). In
this study, we propose a novel method grounded
in information theory (Cover and Thomas, 1991)
to produce a multi-task model. An originality is to
establish a theoretical connection between model
merging and the classical multi-task learning strat-
egy of mixing datasets, thus unifying these perspec-
tives within an information-theoretic framework.

Objectives of model merging. Model merging
combines different models at the parameter level to
create a new model with specific desired properties,
whether these properties come from the original
models or emerge from their combination. While
such motivations for model merging are discussed
by Yang et al. (2024b), the most common ones are
summarized below. Based on ideas originally de-
veloped in ensemble methods (Dietterich, 2000),
a historical objective of model merging is to re-
duce variance to increase generalization (Jin et al.,
2023; Matena and Raffel, 2022; Ferret, 2025; 1z-
mailov et al., 2018; Wortsman et al., 2022). The
principle is to produce a more reliable model on
a single target task by merging models trained on
the same task with different initializations or hyper-
parameter settings. However the most popular ob-
jective in model merging is rather the multi-task
ability (Ilharco et al., 2023; Yang et al., 2024c;
Yu et al., 2024; Pfeiffer et al., 2021): by merging
models specialized on different tasks, the resulting

model should achieve good performances on all
tasks. Zhou et al. (2024) and Ortiz-Jimenez et al.
(2023) provide theoretical insights into why model
merging can work well for this multi-task objec-
tive. Another objective is task unlearning (Ilharco
et al., 2023; Kuo et al., 2025; Kim et al., 2024),
which means that, by merging certain models (us-
ing addition and/or negation), specific behaviours
or skills can be removed or "forgotten" by the re-
sulting model. Finally, modular learning (Ballard,
1987; Pfeiffer et al., 2023; Chronopoulou et al.,
2024) is an interesting but less explored objective,
which consists of creating a model that performs
well on a task by merging models trained on other
(possibly unrelated) tasks, leveraging the notion of
transfer between tasks.

Merging method for multi-tasking. Several
model merging methods have previously been de-
signed for the multi-task objective. The most
straightforward and simple approach is model av-
eraging (Wortsman et al., 2022) which simply con-
sists in taking the uniform average of the mod-
els’ parameters. As discussed in (Matena and Raf-
fel, 2022) this uniform average is not well moti-
vated from a theoretical point of a view and this is
the reason why they proposed the Fisher merging
method which is an average of models’ parame-
ters weighted by Fisher information of each model.
This philosophy is also at the root of the methods
proposed in (Jin et al., 2023; Daheim et al., 2023).
Ilharco et al. (2023) introduces the notion of task
vector as the shift in the parameter space from a pre-
trained model to a fine-tuned one. This concept has
led to the framework of Task Arithmetic (TA) which
is now extensively used (Ortiz-Jimenez et al., 2023)
and has proven its efficiency across a wide range
of applications. To enhance TA, Jang et al. (2024)
have proposed SLERP (Spherical Linear Interpo-
lation), a merging method that preserves certain
geometric properties of the task vectors in order to
mitigate interference problems between tasks. Also
motivated by this interference issue, a wide range
of other methods follow a two-step process: first,
task vectors are modified using techniques such as
masking or singular value decomposition (Wang
et al., 2024; Yadav et al., 2023; Stewart, 1993); sec-
ond, the preprocessed task vectors are interpolated
to produce the merged model. Examples of such
methods are TIES (Yadav et al., 2023) or DARE (Yu
et al., 2024). Finally, Yang et al. (2024c) proposed
AdaMerging, where the novelty lies in performing

7158



model merging as a data-driven optimization pro-
cess that learns the optimal way to combine each
model’s parameters. In practice, it is based on the
TA framework, and data from the different tasks
are used to maximize the entropy of the predicted
tokens without requiring associated references, try-
ing to increase the confidence of the model in its
predictions (independently of the fact that these
predictions are correct or not). Like AdaMerging,
our method employs reference-free, data-driven op-
timization using task arithmetic. However, whereas
AdaMerging disregards the alignment with original
fine-tuned models being merged, the optimization
criterion in our approach aims to minimize a di-
vergence between these models and the merged
model.

3 Proposed Method: DivMerge

A key challenge in the context of model merging is
the absence of an explicit target distribution to drive
the merging process. Unlike standard supervised
learning, where models are trained to minimize a
divergence with respect to a known target distribu-
tion derived from reference data, model merging
typically lacks such direct supervision. Since the
fine-tuned models for each task ¢ have been op-
timized to perform well on their respective data
distributions, it can be reasonably assumed that
their output distributions approximate the true, but
unknown, target distributions—at least in terms of
divergence. While this assumption may not be per-
fect, it is often the most practical option available in
the absence of ground-truth targets. Building upon
this idea, our DivMerge method proposes to use
the output distributions of the fine-tuned models as
surrogate targets to build an optimal merging func-
tion. After introducing the prerequisite notions, we
formally define this method in this section.

3.1 Background Notions

Language model. A language model with pa-
rameters 6 is denoted as the conditional probabil-
ity distribution M (Y| X ;6), where Y and X are
random variables on the outputs and inputs, respec-
tively. Given the focus on autoregressive models
in this work, X and Y are assumed to share the
same space, that is all sequences from the Kleene
closure on model’s vocabulary. For short, applying
M on a sample sequence x ~ X will be denoted
as M (x; 6) and will correspond to probability mea-
sure over sequences. To simplify equations in the

remainder, the model and its distribution are some-
times denoted simply by their weights, i.e. M = 0.

Tasks. A task ¢ is modelled here as a probabil-
ity measure Py, y;, on a product space, following
the formalism of Baxter (2000). A model fine-
tuned on task t is denoted with its parameters 6;,
and the distribution with M;(-|-) & M(-|-;6;).
Given a task Py, y, we will denote the support
of the task as Sk, , and roughly define it as Sx, =
{z € X | Px,(x) > 0}.

Task vectors. Based on (Ilharco et al., 2023),
a task vector 74 for a task ¢ is defined as the shift
between the parameters of a pre-trained model 6y €
R (d being the number of parameters, i.e. the size
of the model) and those of the same model after
fine-tuning on task ¢, 0; € R?, that is:

26, —0,eRe. (1)

Model merging. In its most commonly adopted
paradigm, given a set of tasks 7, model merg-
ing consists in combining task vectors T 2
{7 |t € T} originating from a unique pre-trained
model 6. This is further denoted as the following
merging function fr:

fr(60,T) € RY, )

where 6 are the pre-trained model parameters and
T' is the set of parameters for the merging method.

Task arithmetic. Introduced in (Ilharco et al.,
2023; Ortiz-Jimenez et al., 2023), Task Arithmetic
(TA) defines model merging as linear interpolation
on task vectors, i.e. formally:

TAr(6p, T) = 6y + Zrt X Tt, (3)
teT

where I'; are real-valued (possibly negative) pa-
rameters of the merging method, referred in the
following as the merging coefficients. Estimating
I" can be challenging, computationally intensive,
and strongly depends on the user-defined objec-
tive of the model merging, like multi-task learning,
modularity, task unlearning, efc. In this work, our
objective is multi-task learning: the merged model
should be able to perform all tasks for which the
individual component models were fine-tuned. We
will see in Sec. 4 that the main property to address
in order to satisfy this objective is weight disentan-
glement (Ortiz-Jimenez et al., 2023).
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3.2 Our Method

The key idea in our method is to automatically
estimate the merging coefficients I' by using the
output distributions of task-specific fine-tuned mod-
els as surrogate targets. This allows us to define a
divergence-based objective function to determine
the optimal value I'*. More formally, given a diver-
gence D between probability measures, 7 a prob-
ability distribution on X', the divergence between
language models M7 and M> can be defined as:

Dy (My||My) £ Exor [D(M1(-|X) || Ma(-|X))] .

Then, given a set of fine-tuned models {6, |t € T}
from a pre-trained model g, and a merging func-
tion f, the optimization problem to determine I'*
is defined as:

I'™* £ arg min ZDPXt (0¢]] fr(60,T)). (4)
teT

Hence, our approach does not require labelled data
for the tasks ¢ € T, but only a set of samples from
the input distributions {Px, },.7 is required. As
originally presented in (Hinton et al., 2015; Tian
et al., 2019) and recently reframed in (Formont
et al., 2025), Eq. 4 can be seen as a model distil-
lation problem: we try to distil knowledge from
fine-tuned model in the merged model.

Backbone merging method. In practice, Di-
vMerge relies on the TA merging approach. We
select it because, as explained in App. F, most cur-
rent model merging approaches are based on TA.
However, our theoretical framework is not limited
to TA and extension to other general methods could
be explored in the future. Relying on Eq. 3, the
effective optimization is thus:

I £ argmin » Dpy, (6; | TAr(f, T). (5)
teT

In a geometrical point of view, this objective func-
tion can be thought as finding I' such that the
merged model is the centroid of the fine-tuned
models (with respect to the divergence D) (Nielsen,
2020). The idea is simple: a multi-task model must
be close to models specialized on the different tasks.
This geometric point of view has first been intro-
duced by Csiszar (1975), and is now refereed to
the framework of information geometry (Amari and
Nagaoka, 2000; Amari, 2006). Moreover, this infor-
mation geometric point of view is also at the root of
merging methods such as Fisher merging (Matena

and Raffel, 2022) on which the merging operation
can be seen as the solution of a second order Tay-
lor approximation of the objective function defined
in Eq. 4.

Optimization algorithm. The optimization prob-
lem described in Eq. 5 is implemented as illustrated
in Figure 1. Starting from uniform values for the co-
efficients I, the procedure iterates over each task ¢
as follows: an input token sequence x; ~ Py, is
sampled, and a completion y; ~ M;(.|x;) is gen-
erated, along with the vectors of probabilities p;
over all tokens of the model’s vocabulary for each
position in y;. The concatenated sequence x; & ¥
is then fed to the merged model under construction,
yielding a sequence of probability vectors p; over
y+. The divergence D is computed between p; and
P+, and averaged over multiple samples of x; to ob-
tain D x,. This process is repeated for all tasks, and
the resulting divergences are aggregated to form
a loss function. The gradient of this loss is used
to update the coefficients I'. In practice, the final
coefficients I'* are obtained after a fixed number
of update steps. The full algorithm is provided
in App. A, and an analysis of the required number
of updates is presented in Sec. 5.3.

Divergences. Two divergences are considered in
our work: Kullback and Leibler (KL) and Jensen-
Shannon (JS) (Kullback and Leibler, 1951; Wong
and You, 1985). Given two sequences of probabili-
ties p and q for a same sequence of n tokens from
the vocabulary V, we define approximations of the
KL and JS between models as follows:

L(plla) Z prlog L (6)

1<z<n wey

and:

IS(p.a) = 5 (KL (p || B5%) + KL (a | B59)).

(N
KL and JS divergences possess properties that al-
lows for the derivation of theoretical guarantees on
the objective function defined in Eq. 4, as discussed
in the next section.

Task-wise and layer-wise TA. Following
AdaMerging (Yadav et al., 2024), two variants can
be considered for the merging coefficients. The
one described in Eq. 3 is called task-wise since one
coefficient I'; is given for each task ¢. Considering
(deep neural) language models as stacks of layers,
an alternative—called layer-wise—is to associate

7160



Fine-tuned model
Qt = 0[) + Tt

Input sample
x¢ = [z}, ...

(1. Decoding (m+1 forwardsD

Completion and probabilities

Vo= [0t 9t (eos)]
Task t IA)t = [ﬁ%? . aﬁ;nvﬁ;n+1

s mﬂ ~ X

Merged model €

(under construction)

fr‘(eo, {Tl, ‘e 77—\7\})

Probabilities

concat

3. Backpropagate >—‘

Dx

]*@— pe =, .. 5]
v

t

Loss

}

Dx,, —> Z Dx,

teT

Figure 1: Illustration of our divergence-based model merging method as an iterative optimization process.

a parameter I} for each layer [ for task ¢. This
results in | 7| x L merging coefficients, where L is
the number of layers.

4 Theoretical Analysis

This section presents a set of theoretical guaran-
tees or interpretations that can be derived from our
approach. We show that our method has direct
links between weight disentanglement as defined
by Ortiz-Jimenez et al. (2023), and we will show
that our method directly connects with the objective
of standard multi-task.

4.1 Weight Disentanglement

From (Ortiz-Jimenez et al., 2023, Property 3),
weight disentanglement is defined as follows:

Definition 1 (Weight Disentanglement). Let
M(.;0) be a model parametrized by . Consider
a set of tasks, {(X3,Y;), ¢ € T}, and their corre-
sponding task vectors {7, ¢ € T} relatively to the
model M. If tasks have non-overlapping supports,
i.e. Sx,NSx; = (foralli # j, we say that a merg-
ing method f satisfies weight disentanglement iff:

M (x; fr (6o, {7t }e7))
M(x;00 + 1) ifx e Sx,,
M (x;60) ifx ¢ UL, Sx,.

In other words, a merging method satisfies Defi-
nition 1 if adding 74 does not affect model’s output
outside the corresponding task support Sx,. A
merging method satisfying weight disentanglement
assures that the performance on all the merged
tasks will be preserved, thus assuring good be-
haviour in terms of multi-tasking. In Proposition 1,
we propose a direct link between DivMerge’s objec-
tive function (cf. Eq. 4) and this property of weight
disentanglement, with the proof given in Sec. B.2.

®)

Proposition 1. For either D = KL or D = JS, the
objective function defined in Eq. 4 has a minimum
value of 0 iff the merging method satisfies Defini-
tion 1 around 0y on the merged tasks.

The optimization problem in Eq. 4 admits a mini-
mum value of 0 iff there exists a choice of merging
parameters I' respecting the weight disentangle-
ment property, giving added value to our method.

4.2 Links with Standard Multi-Task Learning

As stated earlier, the standard approach for multi-
task learning mainly consists in merging datasets
from different tasks, and then training a model on
this mixture using Cross-Entropy (CE) loss. This
method is, in most cases, the state of the art in
multi-task learning and has interesting theoretical
guarantees. Our optimization approach attempts to
align the merged model with the original fine-tuned
ones, we aim to quantify how well this serves as
a proxy for directly optimizing the performance
of the merged model, by quantifying how far our
merged model will be from its standard multi-task
counterpart. In Proposition 2, we propose a first
link between this classical multi-task framework in
the case of D = KL.

Proposition 2. For D = KL, the optimization
problem defined in Eq. 4 is a Moment projec-
tion (M-projection) approximation of the standard
multi-task objective when tasks are merged before
training.

We give the proof of Proposition 2 in Sec. B.3.
The proof is based on the classical decomposi-
tion of the CE loss function (Boudiaf et al., 2020),
which is the main loss function used in multi-task
learning. This decomposition gives a direct link
between KL divergence and CE. Moreover, follow-
ing the experimental protocol described in Sec. 5,
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an illustration of this theoretical result is provided
in App. C by empirically showing the correlation
between KL and JS divergences with the perfor-
mance on the tasks. Finally, in Proposition 3 we
directly quantify the distance between the model
obtained with our model approximation method
and the standard multi-task model.

Proposition 3. Let M* denote the standard multi-
task model, and M the multi-task model obtained
from fine-tuned models. Let the probability distri-
bution p = |—%‘ > 7 Px,. then,

. 1
KL, (M*| M) < WZ KLpy, (Py;x, | M;) -

Loss of fine-tuned model My

The proof is provided in Sec. B.4, where we also
demonstrate that p is indeed a natural probability
distribution to consider when working with multi-
task models. This final theoretical result guarantees
that DivMerge’s objective function in Eq. 4 will
produce a model close to the standard multi-task
model M*, provided that the fine-tuned models are
sufficiently good.

5 Experiments

This section first introduces the experimental setup,
then compares the results of DivMerge with those
of state-of-the-art methods, and finally analyses the
stability of its optimization process.

5.1 Experimental Setup

Models and datasets. As summarized in Ta-
ble 1, our experiments seek to validate our method
from different scenarios varying according to dif-
ferent aspects: classification tasks only or mixed
classification and generative tasks; decoder-only
or encoder-decoder architectures; model fine-
tuned by us or available off-the-shelf. Hence,
for classification tasks, the base model 6y is
Qwen2.5-0.5B (Yang et al., 2024a) and the con-
sidered tasks are, as is common in recent studies,
7 tasks from the GLUE benchmark (Wang et al.,
2018) for which we fine-tuned the base model.
Each model is produced with the same amount
of data i.e. 6000 for the training and 500 for the val-
idation except for the MRPC dataset for which the
train dataset is limited to 3000 instances. This is
due to the fact that task vectors can have properties
that are highly dependent of the number of train-
ing data. Since our method targets autoregressive
models, classification is performed as a completion

Type Tasks/Datasets Base Fine-tuned
model models
Classif. CoLA, SST-2, QQP, Qwen2.5 Fine-tuned
only QNLI, MNLI, RTE, -0.5B- by us
MRPC Instruct
Mixed IMDB, SQuAD 2.0, T5-base HuggingFace

(CL+Gen.) QASC, CommonGen checkpoints

Table 1: Overview of the experimental setups.

Description Data

(prompt) Is the following sentence linguistically
acceptable or unacceptable in English?
Input (data) Sodium is a little too peppy for me to want
to try mixing and water in a teacup.
(labels) Answer with acceptable or unacceptable.
Answer:

Output (answer) unacceptable{eos)

Table 2: Data example for the fine-tuning on the GLUE
Benchmark (CoLA dataset). Completion only Fine-
tuning (SFT) after the pattern "Answer:".

task (see Table 2 for an example of input and out-
put). In the mixed type scenario, the base model
is T5-Base (Raffel et al., 2020) and the fine-tuned
models are as available on Hugging Face! for 4
tasks: IMDB (polarity classification on movie re-
views, (Maas et al., 2011), QASC (MCQA, classi-
fication, (Khot et al., 2020)), SQuAD 2.0 (MRQA,
generation, (Rajpurkar et al., 2016), and Com-
monGen (concept-to-text generation, (Lin et al.,
2020)). For both scenarios, fine-tunings are on
all the model’s parameters (full fine-tuning as op-
posed to low-rank adaptation). To estimate the di-
vergences D x, while optimizing the I' coefficients,
500 samples are taken from the validation set of
each task ¢.

Evaluation metrics. To fairly compare a merged
model with several fine-tuned models across tasks

"https://huggingface.co/mrm8488

CoLA SST-2 QQP QNLI MNLI RTE MRPC
Accuracy 822 928 84.6 86.4 78.0 758 85.0

(a) Classif. / Fine-tuned from Qwen2.5-0.5B-Instruct

IMDB QASC SQuAD 2.0 CommonGen

Accuracy 96.0 95.5 -
ROUGE-1 - - 0.434

0.327

(b) Mixed / Fine-tuned from T5-base

Table 3: Performances of the fine-tuned models for the
classification and mixed tasks.
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that use different evaluation metrics, we intro-
duce the Average Normalized Performance (ANP).
Given a performance metric PERF(M;t) of a
model M for each task ¢, the performance of the
merged model is divided by the performance of the
corresponding fine-tuned model, and these ratios
are averaged over all tasks, i.e.

ZPERF Jr(6o, T);t)

ANP £
PERF(6;;t)

(©))
&

where fr(6p, T) represents the merged model
(whatever the method) and 6, the fine-tuned model
for task t. The metric PERF corresponds to ac-
curacy for classification tasks and ROUGE-1 (Lin,
2004) for generative tasks. When multiple merg-
ing experiments are performed, ANP is computed
for each of them and the average is reported. This
metric allows for multitask evaluation relative to
the baselines, and reaches 1 (or 100 %) iff merging
is perfectly disentangled (Definition 1). To enable
this interpretation in terms of absolute performance,
Table 3 reports accuracy and ROUGE-1 scores of
the fine-tuned models for each task in the classifi-
cation and mixed scenarios.

Baselines. Our method is compared to pop-
ular methods from the literature:  model
averaging (Wortsman et al.,, 2022), Multi-
SLERP (Goddard et al., 2024), TIES (Yadav
et al., 2023), AdaMerging (Yang et al., 2024c) and
MetaGPT (Zhou et al., 2024)2. For TIES, we fol-
lowed the recommended recipe from (Yadav et al.,
2023). For Multi- SLERP the weights associated to
each tasks were set to . For optimization-based
methods (i.e. AdaMerglng and ours), task-wise and
layer-wise variants are experimented, and we used
the same hyper-parameters across all experiments,
with a batch size of 4 x |T| for each iteration.
For AdaMerging we checked that hyper-parameters
provided good results for a faire comparison. More
training details are provided in App. E.

5.2 Results

This section reports our model merging results, first
when merging pairs of task-specific models, then
when considering more models.

Pairs of tasks. For the classification and mixed
scenarios, all pairs of tasks are considered and

*MetaGPT method was only implemented on the classifi-
cation set-up.

Method Level Classification Mixed (CL+Gen.)
Model Averag. task 88.48 (£3.17)  94.38 (+2.6)
MetaGPT task  89.12 (£ 2.96) -

Multi-SLERP

task

91.54 (& 2.98)

76.39 (£ 21.04)

TIES fask 9406 (+ 1.81)  95.53 (+ 4.44)
. fask  93.62 (+2.53) 9342 (+ 10.08)
AdaMerging /00 04,06 (+2.95)  83.20 (+ 9.94)

task

DivMerge (KL) layer

97.68 (£ 1.94)
99.16 (& 0.50)

93.97 (& 3.46)
97.50 (& 1.73)

DivMerge (JS)

task
layer

97.73 (£ 2.01)

99.18 (£ 0.51)

97.29 (£ 1.94)
98.93 (£ 1.05)

Table 4: Average ANP (%) for various methods on
classification and mixed task pairs. Best results,
second best, (standard deviations).

merging is performed: (;) = 21 merging exper-
iments are run given the 7 classification tasks ;
(;1) = 6 for the 4 mixed tasks. Then, ANP scores
from Eq. 9 are computed for all the resulting mod-
els and averaged for each method and scenario.
The results are presented in Table 4. We can clearly
observe that our method achieves the best average
performance. Furthermore, our method is more
stable than the others as indicated by the low stan-
dard deviations. Then, we can see that the layer-
wise variant slightly outperforms the task-level one,
which is expected since the former has a greater
number of merging coefficients (one for each layer
of each task), providing a higher degree of granu-
larity. Finally, the JS divergence seems to provide
better results than KL. In the further sections, only
results for JS are reported but exhaustive results
can be found in App. D.

More tasks. A major limitation of existing merg-
ing methods, as noted in (Yadav et al., 2023), is
their lack of robustness when the number of models
to be merged increases. To assess this robustness,
all possible combinations of tasks are tested for
each scenario: all combinations of 2 up to 7 tasks
are merged together for classification ; 2 up to 4
for generation. Figure 2 shows the average ANP
scores across all possible merging experiments as
a function of the number of tasks, for both the
classification (Figure 2a) and mixed (Figure 2b)
setups®. First, we observe that regardless of the
used method, increasing the number of tasks gen-
erally leads to a degradation in the average ANP,
which is consistent with the fact that task interfer-

3Detailed results for each task can be found in Sec. D.2.
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Figure 2: Evolution of the average ANP metric as a
function of the number of merged tasks. For each num-
ber of tasks k on the z-axis, several merging experi-
ments were conducted ((Z) in total), and we report the
95% confidence interval.

ence becomes more apparent. We can also observe
that, regardless of the number of merged tasks,
our method (both task-wise and layer-wise) con-
sistently provides better results, with curves that
remain higher throughout the graph. Moreover,
the drop in performance as the number of tasks
increases is less pronounced for our method, illus-
trating its robustness with respect to the number
of tasks. Figure 2 also reports confidence inter-
vals (CI) across experiments for various tasks with
a fixed number of tasks to merge. Our method
demonstrates strong stability, both in classifica-
tion and mixed tasks. Since some state-of-the-art
methods show large Cls for the mixed tasks, ex-
act CI margins are reported in Table 5. Notably,
our method exhibits greater stability compared to
AdaMerging, another optimization-based approach.
However, our method is far from the standard multi-
task approach which has an ANP of 0.98 on the

Method Level 2 Tasks 3 Tasks
Model Averaging  task +2.60 +2.96
Multi-SLERP task ~ +£21.04  £27.97
TIES task +4.44  £19.01
AdaMerging task  +£10.08  +23.94
layer +9.94  +£19.03
DivMerge (JS) task +1.94 +5.37
layer +1.05 +1.09

Table 5: Confidence interval margins for different merg-
ing methods on all combinations of 2 or 3 tasks for the
mixed setup.

100

95 - ‘//W:
/‘_‘/ Ve

/ ——
—— SST2+QNLI (task)
—— MNLI+MRPC (task)
75 /- —— SST2+RTE (task) SST2+RTE (layer)
—— COLA+SST2 (task) COLA+SST2 (layer)

0 20 40 60 80
Iterations

SST2+QNLI (layer)
MNLI+MRPC (layer)

Figure 3: Evolution of the ANP metric along the opti-
mization iteration step when merging pairs of classifica-
tion tasks using DivMerge, task-wise or layer-wise.

classification set-up.

5.3 Method Behaviour Analysis

This section further investigates the training dy-
namics of the optimization process in DivMerge.
We focus here exclusively on classification tasks.

Performance convergence. Figure 3 shows the
evolution of the ANP metric across training itera-
tions when merging pairs of tasks, either task-wise
or layer-wise. In all cases, the merging process
converges smoothly without signs of over-fitting
(i.e. a sudden drop in performance), indicating that
the proposed methods are effective and stable, con-
sistently merging task-specific representations over
training iterations.

Dataset size influence. Another factor in the opti-
mization process is the number of samples derived
from {X;},. s, based on which divergences are es-
timated (see Sec. 3). Figure 4 plots the evolution
of the ANP metric for DivMerge as a function of
the amount of samples from each dataset X; used
by our method. This evolution is compared to ANP
scores of the state-of-the-art methods. The merged
pairs of tasks are (CoLA, SST-2), (QNLI, MNLI),
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Figure 4: Impact of the number of samples from each
dataset X; on averaged ANP in DivMerge, compared
to non-optimization-based baselines. Average ANP
is computed across on the task pairs (CoLA, SST-2),
(QNLI, MNLI), and (RTE, MRPC).

and (RTE, MRPC). ANR scores are averaged on
these 3 setups. We can see that our method outper-
forms the others with as few as 25 samples, which
corresponds to only 0.4% of the training corpus
used for fine-tuning the merged models and 5% of
the validation dataset.

6 Conclusion

In this work, we introduced DivMerge: a new,
data-driven but reference-free, merging method
which consists in finding the probabilistic centroid
of fine-tuned models in order to produce a multi-
task model. After analysing theoretical properties
of our method, showing links with the concept of
weight disentanglement and the usual multi-task
learning approach, we empirically demonstrate that
our method consistently outperforms the state-of-
the-art methods on various experimental setups.
This is verified when merging pairs of tasks and
becomes even more substantial when more tasks
are involved, confirming that our method better
handles interference issues. Finally, we show that
our method has high training stability and requires
a relatively small amount of data to work.

Limitations

Despite positive and solid results, several limita-
tions can be highlighted from our method.

Other fine-tuning methods. Our method has
been extensively tested when the task-specific mod-
els were constructed using full fine-tuning. In this
setup, the task vectors are sparse, and consequently,
the interference problem is more limited. How-
ever, in fine-tuning based on low-rank adaptation
(LoRA) (Hu et al., 2022), task vectors (i.e., LoORA
matrices) influence the task arithmetic paradigm
and can cause significant performance degradation
when merging. A limitation of our work is that
we have not experimented within this constrained
setup.

Dataset influence. Our method assumes that, for
each task ¢, we have access to a sample from the
distribution Px, corresponding to the input data for
task £. However, in some scenarios, we may not
have access to such a distribution, but only to an
approximation of it (P ¢ ). We have not addressed
this case here. Nonetheless, we propose an initial
theoretical analysis of this scenario in Sec. B.5. We
believe that exploring this direction will lead to
more robust results for model merging.

Ethical Considerations

While not specific to our approach, model merging
raises the question of merging features or properties
of models that were initially not designed to be
used together (for instance, merging a model that
mimics a specific person with a model specialized
to generated toxic text). This kind of usage is both
to the responsibility of people willing to merge the
models, and usage licences from people providing
elementary models that could be merged.
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A Optimization algorithm

Algorithm 1 Model Merging via Divergence-Based Optimization. In this procedure, for a sequence y and
amodel M, Logits(y, M) denotes the logits (soft probs) of the sequence y given by the model M. From
a technical point of view, this is only a forward pass of y through M.

Require: :
{X¢ |t € T} : Sets of input samples for each task
fr : Merging method
0y : Pretrained model
{6;|t € T} : Fine-tuned models
. 1 i
T 7] \4)
fort € 7T do
T < et — 00
end for

fort € 7 do
for x ~ X; do
vyt y™, (eos)] ~ M(x;6,)
£, < Logits(y7, M (x,0;))
Py < softmax(£,)
end for
end for

for each epoch do
for B ~ UtXt do

for x € Bdo
£ < Logits(y¥, M (x, fr(6o, {01t € T})))
Pt < softmax(£;)

end for

LF +~0

for each ¢t € T do
forx € bdo

Lr < Lr + D(p¢||p¢)

end for
end for
I'T—VrLy
end for
end for
return I'

B Theoretical results

B.1 Notations

For the different proofs we introduce some notations. Random variables are denoted by capital letters (e.g.
X), their spaces by calligraphic letters (e.g. X), and elements by lowercase letters (e.g. x € X). In this
study, we suppose that every considered space is Borel standard (Crauel, 2002) and if we consider the
space X, we denote by B(X) its Borel o-algebra. P(X) is the set of probability measures on (X', B(X),
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and P(Y|X) the set of conditional probabilities on ) given X'. For X € X, Px € P(X) is its law, and
Sx C X its support. A task ¢ is a probability measure Py, y, € P(X x )), following the formalism
of (Fosse et al., 2025). For sake of simplicity, we hypothesis that all tasks share the same space X' x ),
and that X = )/, which is true in most generative tasks: both inputs and outputs are texts. We note a
language model with parameters 6 with M(-|-;0) € P(Y|X). For task ¢, the specialized model on ¢ is
M(-|-36;) or My(-]-).

B.2 Proof of Proposition 1

Proof. Since the divergences we use are non-negative, we have the following equivalence:
> Dey, (0¢]| TAr (6o, T)) = 0« Vt € T, Dpy, (6 || TAr (6o, T)) = 0.
teT

Moreover, by the properties of the KL and JS divergences, we have:
DpXt (Qt ” TAF(QQ, T)) =0&Vrx e SXt, M(ﬂj; Qt) = M(SU; TAF(Q(), T)),
where the last equality is understood in the sense of equality of measures. By transitivity, we obtain:
> Dpy, (6| TAr(6y, T)) =0Vt € T, Va € Sx,, M(x;6;) = M(x; TAp(6p, T)),
teT
which concludes the proof. O

Remark 1. In this demonstration, we stated that this was due thanks to some properties of the KL or JS
divergence. However, we have the same result if we use any f-divergence, any divergence than can be

expressed as following,
dp
Dy(ullv) = /f (du) dv,

which is of course the case of the Jensen Shannon and the Kullback ones. In fact this proof is valid for any
divergence D which satisfies the following property,

Dy(ullr) =0 & p=v.

B.3 Proof of Proposition 2

Definition 2 (Standard Multi Task Objective). Let {(X¢,Y:) | t € T} be a set of tasks, H the cross-
entropy loss function, and M (-; #) a model parametrized by 6. We define the multi-task loss function as

follows:
A 1

La(0) &

ZH (PYt\Xt?M(‘ ’ Xtﬂe)) )
teT

Lemma 1 (Boudiaf et al. (2020)). Let Py, y, be a task, H the cross-entropy loss function, and M (- | -, )
a model parametrized by 0. Then, the following relation holds:

H(Py;x,» Mp) = H(Vi|Xy) + Ex, [KL(Py;x, (- | X)[[M(- | X¢,0))]
= H(Y|X;) + KLx, (Py; x| Mp)

where H denotes Shannon’s entropy.

We now provide the proof of Proposition 2:

Proof. By hypothesis, we have

0 = al“gemiﬂ H(Py; x,, M(- | X¢,0)).

By Lemma 1 we have,
0 = arg;nin KLp,, (Pyx, M (- | Xz, 0)).
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which can be seen as an extension of the moment projection (M-projection) of Csiszar (1975) of Py, x,

onto the set {M(- | -,0) | & € R?}. Based on this, we define the M-projection multi-task objective as
follows:

||l>

teT
Again, by Lemma 1, we have

arggmin LN (6) = arg;nin Z KLp,, (Mp,|My),
teT

which concludes the proof. O

Remark 2. From Lemma 1 we can clearly see the causation effect between the KL divergence and the
cross-entropy. If KL is low then automatically the cross entropy function will be low enforcing the link
between KL and performance.

B.4 Proof of Proposition 3

For the sake of this proof, we need to first introduce the notion of Bregman divergence (Bregman, 1967),
between two probability measures p and v on the same space. Let F' a strictly convex differentiable
function. A Bregman divergence between p and v can be expressed as following:

D (u,v) £ F(p) = F(v) = {u— v, VF(v)).

The following result will be central for our proof.

Theorem 1 (Weighted centroid (Banerjee et al., 2005; Nielsen and Nock, 2007)). Let {y1,. .., n} C
P(X) and {w1, ..., wyn} such that w; > 0 and ), w; = 1. Then for any Bregman divergence D we
have,

arg min w; D Zw
veP(X) i1 ‘ #Z’ iHi

We then introduce the following result which is an extension of Theorem 1 for the case of Markov
Kernels.

Proposition 4 (Markov centroid). Given a set of tasks {Px, y, },c; and X\ a measure such that Px, <
AVEeT.

K* £ arg min D P K
gKep(yX)zt: by, (Pyix, 1K),

then we have,

‘Xt | :L'),

Vo e X, Z

t

with,

dPx
hy = d)\t and c:th.

where % denote the Radon-Nikodym derivative operator.
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Proof.
min 37 DF, (P 1) = min 3~ | DF Prx, (K| )P, )
=i 3 [ D" (P (I )P, (2

= mln/ZDF(met('!fv)HK(' | 2))hi(2)dA(x)

Lin.
: F
> / (mlylZD (Pmtcx)HKc|x>>ht<x>> dA(x)

ht i
-/ (mlgnZt:DF(met(-w)HK(- ) Cé;) c{x)dA(z).

Where Lin. stands for the fact that the Lebesgue integral is a linear operator, and ¢(z) = >, hi(x). Then
by Theorem 1 the last term is minimized for K™ such that,

K*(|z)=> Mmet(- | z) Ve X.

@)

We then have,
min 3 DE, (Pyjx, 1K) > 37 DE, (P, | K°)
t ¢

However, by definition of a minimum we also have,

. F F *
mléngDPXt(PY”XtHK) < ;Dpxt(PYtXtHK )-

Which proves that,
K* = arg min Z Dgxt (Py;x, [ K).
t

If we explicit the normalization term, we have,

dPx,
Vee X ht(m) = dgpix)
olx) 3, SRk (a)

O]

Remark 3. In the case of NLP, X is identified as the counting measure since the space of natural language
texts is at least discrete. In this specific case, we have,

ht({L’) _ P {Xt = .’L’}
(@) Pper PAXk =}’

We can now give the proof of Proposition 3.

Vx € UteTSXt

Proof. Let,

K2 i DE (Py. 1, |IEK
arg min X)Z by, Pyix, 1K)

K& DL (M| K)
ae Kerglal}w Z PXt t
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Then by Proposition 4, for all x € X, if we suppose that the Bregman divergence is convex in its both
arguments:

t t

\Z’“ PPy, (- | 2), M- | ).

We consider the measure ;1 = |—71.‘ >+ Px,. This measure can be seen as a mixture measure over the
different domain of our tasks. It seems to be the most natural measure to use when dealing with a
multi-task model. By noticing that g—‘/\‘ = %c, by unicity of the Radon-Nikodym derivative up to a A-null
measure space (cf. Radon-Nikodym-Lebesgue theorem (Bermudez et al., 2025, Theorem 6)), then we
have,

D, (M*, M) Z/DF(M*(- | ), M (- | 2))dp(x)

T

- |,1,| / DF<M*<~ ), MT( | 2))e(2)dA(z)
m A3 [ P10 M | ele)

|7'| Z DPX (Pyijx., M).

Since the KL divergence is a Bregman divergence convex in its both arguments it concludes the proof.
Moreover it has been demonstrated in (Amari, 2009) that the KL divergence is the only f-divergence that
is also a Bregman divergence. O

Remark 4. In Proposition 3 the measure 1 seems to be a bit abstract and not directly related to our multi-
task problem. However, we can give an interpretation of y in terms of multi-tasking. In fact,let 7' € T a
random variable such that Pp(t) = ﬁ and let X € X" a random variable such that Px|7—; = Px,. Then
by the law of total probabilities and Bayes theorem, for all b € B(X’) we have:

b) =Y Pxyr_i(b) x Pr(t)
= 7 P

from which we can conclude that Py = u. Then u represents the probability measure on X that will draw
samples randomly from the different measures {Px, },., which is what a multi-task model is confronted
to in an operational set-up.

B.5S Distribution shift (cf. Sec. 6)

The objective function we proposed in Eq. 4 supposed that for each task we have access to the input
data distribution denoted as Px,. However, in some cases we can have no access to Px, but to an
approximation of it, denoted as P ¢ . For example, we have a model trained on sentiment analysis and we
do not have access the true data. We can thus use existing data for such task as an approximation. We
show in the following that we can in fact control the behaviour of our method with respect to the quality
of the approximation.

Proposition 5. Considering a set of approximated distribution {P X’t} 7 for D = JS, our method will
te
converge in a uniform way with {Pf(t }

teT
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Proof. For sake of simplicity, in this proof we refer to a model by its parameter, i.e. M (- | -,0) = 0(- | -)
We recall that in Eq. 4 for a given task ¢ we have the following,

Dpy, (0: | TAr (6o, T)) = /D (0:(.|z) | TAr (6o, T)(-|x)) Px, (dz).

T

Then,

[De, (6| TAr (60, T)) — Do (6| TAr (6o, T))|

Xt

[ D@1 I TAN . )1 (P, ) ~ th<dx>>\
< [ D@12) | TAN, T f2) [P, (de) ~ P, (o)

If we use the Jensen Shannon divergence we then have,

ISey, (00 || TAR (B0, T)) — ISp. (6, TAr (0, T))| < log(2) /

T

Px,(dz) — Pg,(dx)

Then by Scheffe’s Theorem (Scheffé, 1947), we have:
|JSpXt (0¢ || TAr (6o, T)) — JSpXt (0¢ || TAr (6o, T)) | < 21log(2)TV(Px,, P;Q),

where TV stands for total variation distance. Then we have,

> (Dey, (6 TAR(6, T)) = D, (6] TAr (60, T)))

< 2log(2) Y TV(Px,,Pg,),
t

which concludes the proof. O

Remark 5. In Proposition 5 we state that the convergences is uniform in the sense that if the approximations
we have converge uniformally to the true distribution i.e. in the sense of the total variation, then we have a
convergence of our objective function.

C Correlation between Divergence Variants and Model Relatedness.

In this section, we propose experiments to support the fact that divergences are interesting proxies for
model performances which is linked to Proposition 2. Given a set of tasks 7T, for each pair of tasks
(1,7) € T x T, we compute Dp . (6;]/0;) on a development set, and the performance of the model §; on
task 4 on a test set, denoted as PEﬁF(Hj, i). Then, for all tasks s € 7 we compute the correlation between

{—Dpxi (6:]105), Vi € 7'} and {PERF(6;,4), Vj € T}. In Figure 5, we propose the heat map defined

by {DPXZ. (eingj)}(i,j)e’TxT i)ETXT"

Base on Sec. 5.1, we decided to focus on classification tasks i.e. tasks from the GLUE benchmark. We
report Spearman’s correlations in Table 7. Correlations computed in Table 7 correspond to correlations
computed between rows of Figure 5 and rows of Table 6. We can clearly observe that we obtain high
correlations indicating that KL and JS are interesting proxies for performance: if Dp, (6;]|0;) is low,
it may suggest that PERF(6;, 7) will be high (without stating that this is a causation relétion). We also
observe that the JS divergence achieves the highest correlation. Since our method involves minimizing
S Dpy (6;||TAL), it thus can be viewed as aiming for a merging model that performs well on each
task. This Zaligns directly with Proposition 2, which states that our method is an approximation of the
classical multi-task learning objective.

, and in Table 6, we proposed the matrix of values {PERF (6, z)}(
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Figure 5: Dx, (6;]|6;) values for different divergences. (¢ corresponds to the row index, while j corresponds to the
column index.)

Eval Dataset - CoLA SST-2 QQP QNLI MNLI RTE MRPC

Model |

CoLA 8220 77.80 50.60 44.60 8.80 28.88  70.00
SST-2 4400 92.80 7120 37.00 1020 26.71 66.75
QQp 33.00 5020 84.60 40.80 8.60 28.88  69.75
QNLI 4620 7640 3920 86.40 920  43.68  69.00
MNLI 33.80 6140 6540 45.00 78.00 28.16 67.50
RTE 3480 4820 63.60 50.20 14.00 7581 69.00
MRPC 3280 5740 6620 4120 11.60 4585  85.00

Table 6: Accuracies (%) of each model checkpoint (rows) evaluated on the seven GLUE tasks (columns). Each row
corresponds to a model fine-tuned on a specific task. The highest accuracy for each task is highlighted in bold, and
corresponds each time to the specialized model.

D Additional experiments

D.1 Task Vectors Cosine Similarities

As is well known in the model merging literature, and more specifically within the task arithmetic
framework, cosine similarities between task vectors are typically close to zero. This indicates that the
tasks are sufficiently disentangled and can be effectively merged using task arithmetic methods. In Figure 6,
we present the cosine similarity matrices of the task vectors used in our experiments.

D.2 Details on Figure 2

On Table 8, we propose the values that are plotted on Figure 2a, and on Table 9 we propose the values that
are plotted on Figure 2b.

D.3 Parameter convergence

In Sec. 5.2 we provided an analysis of the convergence of our method by displaying the evolution of our
loss function through training iterations and we concluded that our method smoothly converges to an local

CoLA SST-2 QQP QNLI MNLI RTE MRPC Avg.

KL 082 092 031 077 095 0.77 0.88 0.77
JS 092 0.89 034 080 099 091 0.87 0.82

Table 7: Spearman’s correlation between (negations of) the divergences between dedicated models and cross-
performances of each model on each task. The "Avg." column reports the mean correlation across all tasks.
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1.0
cola 1.000 0.051 0.019 0.016 0.022 0.016 0.015
imdb

0.8 0.8

sst2 - 0.051 0.031

qgp-  0.019 0.089

qasc -

0.6 0.6

gnli- 0.016 0.031
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mnli-  0.022 0.022
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Figure 6: Cosine similarity matrices of task vectors between different tasks. Left: Similarity between GLUE
benchmark tasks (CoLA, SST2, QQP, QNLI, MNLI, RTE, MRPC). Right: Similarity between diverse tasks from the
mixed scenario IMDB, QASC, SQuAD 2.0, CommonGen). Lower similarity values indicate greater orthogonality
between task vectors, suggesting less interference when merging models fine-tuned on these tasks.

# Tasks ‘ Model Averaging Multi-SLERP  TIES ‘ Task-wise Layer-wise

‘ ‘ Adamerging KL (ours) ]S (ours) ‘ Adamerging KL (ours) IS (ours)

2 93.89 94.20 96.02 91.16 98.18 98.28 92.41 98.85 98.85
3 89.10 92.18 94.08 90.86 97.40 97.39 90.26 98.42 98.26
4 75.12 79.31 79.37 78.73 80.12 79.21 78.47 95.20 95.19
5 60.92 66.86 73.61 66.84 83.82 85.37 64.93 95.60 95.50
6 56.98 70.48 67.23 67.97 83.45 84.45 62.85 93.11 93.42
7 60.51 68.89 68.39 67.26 83.45 84.70 63.05 92.53 93.06
Average | 72.75 78.65 7978 | 7714 87.73 8823 |  75.33 95.62 95.71

Table 8: ANP for merged tasks obtained via different merging methods. Values are normalized as percentages, with
separate evaluations for KL and JS divergence variants.

optimum value. We decided to go further and analyse the evolution of the coefficients associated to each
task. As arecall we used the framework of task arithmetic and in this framework the merged model is

given by the following,
0o+ Ty x 7,
i

and we are here interested into the evolution of the coefficients I';. In Figure 7, we provide the evolution of
I’y (left) and I's (right) through training iterations, on different pairwise merging set-up on the benchmark
GLUE. We can mainly observe that the dynamic of our method is also smooth in the coefficients I';,
with an interesting convergence of the parameters. We can also go further by observing in some settings
that the values of I'; and I'y seem to be independent meaning that when merging two tasks the merging
coefficient associated to one task seems to strongly depend on the task itself and not the task with which we
merge. To better support this fact, we decided to add a visualization. In the framework of task arithmetic,
each merging experiment can be represented by a point in an euclidean space defined by the following
coordinates (I'1, ', . . ., Fn)t. In the case of pairwise merging experiments, these points are in a plan and
we decided to visualize this plan on Figure 8, for classification tasks, and Figure 9 for mixed tasks. On
these figures, we can mainly observe that we have different scenarios. For tasks such as QNLI, the factor
associated with the QNLI task seems not to depend on the other tasks, while for some other tasks such
as MRPC and CoL A we have another scenario where the value of the coefficient associated to the task
seems to depend on the value associated to the other tasks. This seems to be an interesting observation, to
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# Tasks ‘ Model Averaging Multi-SLERP  TIES ‘ Task-wise Layer-wise

‘ Adamerging  Forward (ours) JS (ours) ‘ Adamerging  Forward (ours) JS (ours)

2 97.92 98.96 98.43 99.74 96.34 98.96 100.00 98.96 99.48
3 82.62 67.89 87.87 79.92 92.99 96.36 89.26 95.91 97.79
4 53.38 64.85 56.42 60.88 87.52 91.75 83.15 94.97 97.44
Average | 77.97 77.23 8091 | 8018 92.28 9569 |  90.80 96.61 98.24

Table 9: ANP for merged tasks obtained via different merging methods. Values are normalized as percentages, with
separate evaluations for KL and JS Divergence variants.

First Task Coefficient Evolution Second Task Coefficient Evolution
Task Pairs
cola+mrpc
cola+qnli
— sst2+qqp
qnli+rte
o sSt2+rte
e sst2+mnli
= qagp+mrpc
qnli+mnli
= qqgp+anli
e mnli+rte

0.9

0.8
z 0.8

e
~

cola+qqp
cola+rte
cola+mnli
w— 5St24+mrpc
— qgp+rte
qnli+mrpc
—qgp+mnli
w—5St24qnli
rte+mrpc
e mnli+mrpc
cola+sst2

Coefficient Value
g
Coefficient Value

I
5

0.4

0.3 0.4
0 20 40 60 80 0 20 40 60 80
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Figure 7: Evolution of the task coefficients across training iterations. The first graph shows the coefficient assigned
to the first task in each task pair (as indicated in the legend), while the second graph shows the coefficient assigned
to the second task.

be considered alongside the fact that some tasks may be independent, while others may have a statistical
dependency, i.e. completing one task may have a positive or negative impact on another.

E Training Settings

E.1 Data details

As explained in Sec. 5.1, we used the GLUE Benchmark (Wang et al., 2018) to perform our experiments.
We recall on Table 10 the description of tasks from this benchmark.

E.2 Training details

We propose in Table 11 training hyper-parameters we chose for our method, as well as for the Adamerging
one since it also requires a training procedure. All the optimizations were done using the Adam opti-

CoLA | detection of the linguistic acceptability of a sentence

MNLI | natural language inference

MRPC | paraphrase detection

QNLI | question answering converted into natural language inference
QQP detection of equivalence between questions

RTE natural language inference

SST2 | sentiment analysis

Table 10: Description of the GLUE Benchmark
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Figure 8: Visualization of coefficient values for a fixed reference task versus coefficient values for the remaining
GLUE tasks. Each subplot corresponds to a different reference task.

Method Level Batch Size Epochs Dataset Size Scheduler (LR) Init. Param.
KL/JS (Classif) task  4x # tasks 4 200 le—2 0.5
KL/JS (Classif) layer — 4x # tasks 4 400 le—2 0.5
KL/JS (Gen.) task  4X # tasks 4 200 le—2 0.5
KL/JS (Gen.) layer  4x # tasks 4 400 le—2 0.5
AdaMerging (Classif)  task ~ 4x # tasks 5 200 le—3 0.5
AdaMerging (Classif)  layer  4x # tasks 5 400 le—3 0.5
AdaMerging (Gen.) task  4x #tasks 5 200 le—2 0.5
AdaMerging (Gen.) layer — 4x # tasks 5 400 le—2 0.5

Table 11: Training configurations.

mizer (Kingma and Ba, 2014) with default moments hyper-parameters. From a practical standpoint, the
hyperparameters we choose, both for the Adamerging method and for our own, allow us to maximize
multi-task performance on evaluation sets. While the choice of hyperparameters is relatively sensitive in
the Adamerging method, our method appears to be more robust in terms of hyperparameter selection. The
other methods we used that had hyper-parameters were TIES and Multi-SLERP, for which we basically
used the recommended recipes:

* TIES: We used the recommended recipe from (Yadav et al., 2023), with A = 1 and a mask rate of 0.2
(i.e., 80% zeros in the mask).

* Multi-SLERP: The weights were set to 1 /N, where N is the number of tasks.

F Everything is task arithmetic

Many different merging methods have emerged in the landscape of machine learning. Among them, task
arithmetic (Ilharco et al., 2023) is probably the most widely used. As a reminder, the merging function in
the case of task arithmetic is defined as follows:

TAr (90,T) =60y + ZFt X Tg.
teT
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Figure 9: Coefficient values for each task at different T5 checkpoints. Each plot fixes a reference task and compares
its coefficient to those of the other tasks.

An interesting question that naturally arises is the following: Given a merging method ga (6o, T'), can we
find coefficients I' such that
gn (90, T) = TAF (Qo,T)?

If this is true, then we can state that

min 3D, (6 | TAr (60, T)) < min 3" Dx, (6 | ga (60, T)) .
teT teT
This inequality would highlight the strength of our method, as it encompasses the entire range of task
arithmetic. As stated in Sec. 3, our method can be applied to any hyper-parameter differentiable merging
approach. As pointed out in (Goddard et al., 2024), a wide range of merging methods are based on task
arithmetic, with the main differences lying in the estimation of the merging coefficients. In the following,
we provide an analysis of other merging methods to show that they can be expressed as model merging.
This demonstrates that our method has the potential to achieve better results.

SLERP. Spherical linear interpolation (SLERP) (Wortsman et al., 2022) is a classical method used to
combine vectors on a spherical manifold. For this method, we introduce a hyperparameter ¢ € [0, 1], and
define SLERP as follows:

fi(00, {m1, 72}) = 6 + sin((1—1)2) 7, sin(t)

sin |71 ]] sinQ ||’

where €2 is the angle between 71 and 7o.

Fisher Weight Averaging. The Fisher weight averaging method, introduced in (Matena and Raffel,
2022), is a merging technique that reduces to task arithmetic in the case of linear interpolation between
specialized models. The merging coefficients for each model are based on the Fisher Information matrix
and are determined by solving an optimization problem related to finding a centroid between models. One
limitation, as pointed out in the original paper, is the high computational cost of estimating the Fisher
Information matrix to obtain the merging coefficients. This estimation can also be numerically unstable,
as the coefficients in the matrix can be close to zero. Additionally, this method introduces extra scaling
hyper-parameters that must be tuned.
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RegMean. The RegMean merging method, proposed in (Jin et al., 2023), also reduces to task arithmetic,
as it performs a linear interpolation between specialized models. This interpolation aims to minimize the
L5 distance between the merged model and the individual models, whereas our method is designed to
minimize the JS (or KL) divergence between models. The Lo distance is a restrictive measure. Moreover,
as stated in (Blau and Michaeli, 2018, 2019; Zhang, 2023), L distance is a distortion measure, while
KL and JS are perception measures. Minimizing perception distance appears to be more suitable for
downstream applications, such as performing other tasks.

Karcher Mean. The Karcher mean (or Riemannian centroid or Fréchet mean), originally formulated
in (Grove and Karcher, 1973) can be used as a merging method which consists in finding some sort of
centroid of a finite set of task vectors, denoted as {7 }. To do so, we suppose that task vectors lies in a
Finite dimension Hilbert Space (H, (-, -)), where (-, -) is the standard dot product onto this space and thus
|| - || is the associated norm. The Kracher mean is defined as following,

= argminz |7 — 7|2
TeH n

The following proposition holds,
Proposition 6. Let (H, (-,-)) be a Hilbert space. Let {1;},.; C H, a finite set of points in this hilbert
space. Then,

. 2
arg hmggz |7 — 7" € Span({7¢},c7)
teT
Proof. Let {r;} C H.Let F = Span ({r;}). Let 7 € H. We have the following result,
T =p1+pa, st.pr € Fyps € Ft.

Then we have,

P(r) 2 | —nl?,

¢

= Z<T — Te, T — Ty),
¢

= > Irl? = 2(r, ) + w1,
¢

= lIp P + Ip2l® = 2(p1, ) + [l
¢

Then by taking, 7/ = p;, we have (') < (1), which leads to the following statement: V7 € H,
37" € F, such that,
(') < (7).

Then arg min,c g ¢ (7) € F, which concludes the proof. O

Remark 6. As stated in Sec. 4, the method we proposed in this study can also be viewed as finding a
centroid. However the framework we used does not allow to connect directly to the theory of Karcher
mean. In fact, if one would want to formulate our method as a Karcher mean, the "distance" defined over
the space of task vectors would be the following,

d(7;,7j) = Dx, (6:/10;) -

However, even in the case of the Jensen Shannon divergence this "distance" is not a mathematical one as it
does not respect the property of the distance. Consequently it does not define a metric space and therefore
even less a Hilbert space. Then an interesting line of research would be to identify the possible distances
one could define over the space of task vectors. From the result we just demonstrated, if we can verify that
the distance can be derived from a dot product and thus induce a Hilbert Space, then we can conclude that
the optimal solution lies in the framework of task arithmetic, giving thus added weight to this method and
possibly offering more theoretical explanations as to why this method is in many cases the state of the art.
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