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Abstract

Model merging aims to combine existing single-
task solutions into a multi-task solution without
additional data-driven fine-tuning. Most existing
approaches achieve this using geometric proper-
ties of local solution spaces. However, such ge-
ometric views provide limited guidance for scor-
ing how statistically useful each task-specific up-
date direction is across tasks during merging. To
address this, we formulate model merging from
a new perspective of probabilistic inference un-
der a product-of-experts (PoE) scenario where
each single-task solution defines an energy-based
expert model (EBM) over the merged parame-
ters. We show that several existing model merg-
ing methods arise as special cases of our frame-
work under energy designs that impose implicit
Gaussian assumptions on directional residuals be-
tween merged and task-specific models. Empiri-
cally, we find that these residuals are often heavy-
tailed which exposes a mismatch with the imposed
light-tailed Gaussian structures. We address this
with a heavy-tailed PoE design based on Cauchy
experts, which better captures the observed resid-
ual behavior while admitting a provably conver-
gent inference procedure. Experiments across mul-
tiple tasks and architectures show significant im-
provements over state-of-the-arts baselines. Our
code is available at https://github.com/
MinhLong210/PoE-EBM—-Merging.git.

1 INTRODUCTION

Large pre-trained foundation models and their task-specific
fine-tuned variants [[Achiam et al., 2023, [Touvron et al.,
2023]] have become increasingly available for a wide range
of downstream tasks. The growing availability of such
specialized models has motivated model merging, which
seeks to combine multiple task-specific models into a sin-

gle multi-task model without additional data-driven fine-
tuning [Hoang et al., 2019, [Yurochkin et al.,[2019} |Hoang
et al., 2020, Lam et al., 2021} [Yang et al., 2024, [Li et al.|
2023| [Hoang and Hoang| |2024]]. For example, monolingual
models can be combined to obtain a single multilingual
model [[Ahmadian et al., 2024]]. Such model merging ap-
proaches are particularly valuable in many real-world pro-
duction systems [[Su et al., 2018]] where both local datasets
and training pipelines cannot be centralized and synchro-
nized[ﬂ Despite requiring no additional training data, model
merging can often achieve performance competitive with
full multi-task fine-tuning, which might be impractical in
such settings. Model merging is also attractive when storage
resources are limited, such as on edge devices [Voghoei
et al.| 2018} Narayanswamy et al.l 2024], or access to
privacy-sensitive task-specific data is restricted [Liang et al.
2025, Zhang and Metaxas, 2024, |Pan et al.| [2024].

Prior Work. A common paradigm in model merging is
to represent each task-specific model with a fine-tuning
module, such as a low-rank adaptation (LoRA) matrix [Hu
et al., [2022] or a task vector capturing the difference be-
tween fine-tuned and pre-trained parameters [Ilharco et al.,
2022]]. Model merging then reduces to aggregating these
task-specific updates into a single multi-task model. Most
existing approaches perform this aggregation using geomet-
ric properties of local solution spaces.

The simplest methods, including weight averaging and task
arithmetic [Wortsman et al., {2022, Ilharco et al., [2022]], as-
sume that task-specific updates lie in a common solution
manifold and can be directly combined. More sophisticated
approaches, such as Fisher-weighted averaging [Matena and
Raffell 2022] and Gram-based weighting [Jin et al., 2022],
incorporate curvature or data-dependent geometric informa-
tion to better account for differences among local solution
spaces during aggregation. Another line of work explicitly
seeks to align local solution spaces before merging. For ex-

!Federated Learning [McMahan et al., [2016]] can help address
data privacy but still requires synchronized local training processes.
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ample, DOGE [Wei et al.| 2025] constructs a shared tangent
space, while KnOTS [Stoica et al.,[2024]] derives a common
low-dimensional subspace using singular value decompo-
sition. Task-specific models are then projected onto these
aligned representations prior to aggregation.

Limitation. These approaches largely treat each task-
specific fine-tuning module as a deterministic point esti-
mate and aggregate them with some geometry-guided op-
erations. However, this deterministic view, provides little
information regarding how useful each update direction is
across different tasks. As a result, update directions that are
effective only for individual tasks can be aggregated with
directions that are consistently useful across tasks. Such
task-specific directions can then cancel or dominate useful
cross-task directions, pulling the merged update away from
shared directions that benefit multiple tasks. This suggests
that model merging should not only aggregate update di-
rections, but also estimate how confidently each direction
should influence the merged module.

Motivation and Solution Vision. Motivated by the above
intuition, we investigate model merging within a broader
probabilistic framework in which each task update induces
a distribution over candidate shared update directions rather
than a single point estimate. The local probabilistic score
assigned for each candidate direction thus reflects how it
is supported by the corresponding task. In this view, merg-
ing becomes evidence aggregation. Directions supported by
multiple tasks receive higher aggregate confidence while
directions supported only by individual tasks receive low
support from the remaining tasks and are down-weighted.

We instantiate this idea by casting model merging as MAP
inference in the fine-tuning parameter space under a product
of task-specific energy-based experts. This view recovers
existing merging rules as special cases under particular en-
ergy designs and exposes the uncertainty assumptions they
implicitly impose. In particular, quadratic energies recover
classical averaging-style methods and correspond to Gaus-
sian experts. This approach is also closely related to a recent
uncertainty-aware gradient matching method of [Daheim
et al| [2023]] which imposes an implicit Gaussian expert
design via its Laplace approximation interpretation. While
this method provides important empirical evidence for the
effectiveness of probabilistic model merging, our analysis
reveals that its implicit Gaussian structure does not fit well
with the distribution over directional residuals between indi-
vidual and merged updates. In particular, we show that these
directional residuals exhibit substantial heavy-tailed behav-
ior while Gaussian models are inherently light-tailed (see
Fig.[I). To address this limitation, we develop a product-of-
experts (PoE) formulation with heavy-tailed energy-based
expert models (EBM). Our solution approach is substanti-
ated by the following technical contributions:

1. A unified probabilistic model merging framework. We

formulate model merging as MAP inference in the fine-
tuning parameter space under a product of task-specific
energy-based experts. In this view, each fine-tuning module
induces an energy over the directional residual between a
candidate merged update and the task-specific update. The
merged module then corresponds to the MAP estimate under
the resulting product of experts. We show that existing merg-
ing rules, including uniform averaging and Fisher-weighted
averaging, arise as special cases under particular energy
designs. This provides a unified lens for these methods and
exposes the implicit probabilistic assumptions imposed by
their aggregation rules (Section [3]and[4).

2. Heavy-tailed merging with convergence guarantees.
Under the above probabilistic framework, we show that
existing merging methods correspond to light-tailed distri-
butions over the directional residual 7 = (¢ — )T 8, which
measures how far a candidate merged update ¢ drifts from
task update 0 along that task’s own update direction. Our
empirical analysis shows that these residuals exhibit heavy-
tailed behavior, revealing a mismatch with the Gaussian
expert structure often implicitly assumed in prior work. To
address this, we develop a novel heavy-tailed Cauchy-based
expert designs and an efficient fixed-point MAP inference
algorithm with convergence guarantees (Section[3).

3. Evaluation across vision and language models. We eval-
uate the proposed framework across diverse vision and lan-
guage benchmarks spanning multiple model families. Our
approach consistently improves merged model performance
over state-of-the-art (SOTA) baselines (Section [G).

2 PROBLEM SETUP AND BACKGROUND

Model merging aims to aggregate N existing models which
are fine-tuned from a large pre-trained model W, on dif-
ferent downstream datasets. Each fine-tuned task-specific
model has parameters W ; which are learned from the lo-
cal dataset D;. To extract task-specific information for task
i € [N], llharco et al.|[2022] introduced the task vector
0; = W, — Wy. The task vector encodes task-specific
information and allows the analysis of individual task’s
characteristics. The goal of model merging is to find merged
parameters W ,,, that performs well on all tasks by designing
an aggregation algorithm A to combine the task vectors:

0y) .

[lharco et al.|[2022]] show that we can obtain multi-task mod-
els W ,,, by performing simple task arithmetic operations
on the task vectors 01, 62, ..., On:

W, = A(Wy,6,..

N
Wo + 2> 6;, (1)

i=1

W m

where A is a scaling coefficient, usually tuned on a valida-
tion set. When A = 1/N, Eq. (I) reduces to performing
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Figure 1: Empirical distributions of the directional residual 7 = (¢ — 8) T @, which measures the drift of a merged update ¢
from a task update 6 along that task’s own update direction. We compare residuals produced by different merging methods
when merging 7 fine-tuned ViT-L/14 models. Log-scale density plots show that empirical tails decay substantially more
slowly than the fitted Gaussian and align more closely with a fitted Cauchy distribution, indicating pronounced heavy-tailed
residual behavior in model merging, revealing a mismatch with the (implicit) Gaussian expert structure in prior work.

weight averaging over W; [Wortsman et al., 2022]. [Matena
and Raffel| [2022] further generalize this idea by scaling lo-
cal parameters with their corresponding Fisher Information
Matrix F'; which results in the following Fisher Averaging:

N N -1
Wo = > a (Zmﬂ) Fib;, ()
i=1 t=1
where
Fi = Eoup, [Eypw, 0 |GG O

with G; = Vw, log pw, (y|z).

Alternatively, RegMean [Jin et al.| |2022] matches model
behavior by aligning activations between the merged and
task-specific models at each linear layer. This leads to a
linear regression problem defined by the task-specific data
matrix X ; which introduces another merging rule:

1 ' 1
T T
i=1 i=1

Overall, existing merging methods differ in how they align
local solution spaces. Yet, they essentially view task up-
dates as deterministic quantities to be aggregated without
weighing their statistical usefulness across different tasks
(Section[T)). We therefore seek a probabilistic treatment of
fine-tuning modules that not only account for the local up-
date geometries, but also estimate how confidently each
direction should influence the merged module.

3 A PRODUCT-OF-EXPERTS (POE)
PERSPECTIVE ON MODEL MERGING

In this section, we develop a new perspective for model
merging in which task-specific fine-tuning modules can be
interpreted as observations of a shared latent parameter that
captures information common across tasks. The merged

model can be viewed as a sample drawn from a product-of-
experts (PoE) model combining these local energy-based
densities (Section [3.1)). In this view, model merging can
then be formulated as MAP inference which also provides
a unified probabilistic interpretation of existing merging
rules. In particular, we show that weight averaging, Fisher-
weighted averaging, and RegMean arise as special cases
under specific choices of task-specific energy functions,
thereby making their implicit distributional assumptions
explicit (Section[3.2). Section 4] then shows that these im-
plicit assumptions are mismatched with the empirical de-
viations observed between candidate merged updates and
task-specific modules, and introduces a redesign of the local
energy functions to mitigate this mismatch.

3.1 POE FORMULATION FOR MODEL MERGING

Energy-based models (EBMs) [Teh et al) 2003, LeCun
et al., 2006l Song and Kingma), [2021]] define probability
distributions through an unnormalized function called an
energy E(¢) assigning lower energy to more likely input ¢.
The resulting distribution is given by

p(¢) = Z'-exp(—E(), )

where Z £ [ exp (—E(¢))d( is the partition function, en-
suring the distribution integrates to 1. Under this view, in-
puts with lower energies correspond to higher probability.
This formulation only needs to specify compatibility via the
energy without explicit normalization.

Now, considering the problem of merging /N task-specific
models. We assume that there exists an unknown latent pa-
rameter ¢ that is shared across tasks. Each task-specific
fine-tuning module can then be viewed as providing noisy
evidence about the latent shared parameter ¢. Therefore, we
associate each task with an expert distribution over ¢, where
higher probability corresponds to greater compatibility be-
tween the latent parameter and the task-specific update. We
model this compatibility through an energy function, result-



ing in the following energy-based expert:

) x e (-E(Q), ®)

where E;(¢) is an energy function determined by the task-
specific parameter 6;. The energy function is general and
can be designed with specific desiderata. Local energy func-
tions can also be combined naturally through multiplication
as established in [Hinton, |2002]. Essentially, each task de-
fines its energy E;(¢) and under conditional independence
assumption of tasks on ¢, the PoE distribution is given as

N N
p(¢) HZH(C) X exp (‘ZEi(C)>~ @)

This results in the global energy F(¢) £ 271\;1 E;(¢), such
that p({) o exp (—FE(¢)). Combining task experts then
corresponds to summing up their energies. The resulting
PoE distribution thus concentrates probability mass on con-
figurations ¢ that simultaneously achieve low energy for all
experts. Under this view, model merging reduces to infer-
ence with an energy-based model over the shared parameter.

A natural way to obtain a merged model is to compute the
maximum-a-posteriori (MAP) estimate:

¢ o= argmcaxp(g“) = arnginE(C)

N
= arg mcmg Ei(¢) - (®)

Interestingly, this formulation unifies existing averaging
heuristics as cases of quadratic energies as shown in Section
@} At the same time, it also allows for new designs of
more flexible and robust choices of energy function. Merg-
ing operation can thus be tightly coupled with the design of
local energy functions as shown in Eq. (8). The MAP solu-
tion of the resulting PoE can then be found via minimizing
Eq. (8, resulting in a merged model corresponding to the
most probable shared parameter.

3.2 GAUSSIAN EXPERTS RECOVER EXISTING
MERGING RULES

The key modeling aspect in the POE-EBM framework is
the design choice of the task-specific function F;(¢). Dif-
ferent choices encode different assumptions about how
task-specific parameters deviate from the shared latent
structure. These choices also lead to various merging de-
signs. Several of which were rediscovered below as special
cases of PoE with Gaussian experts.

A. Gaussian Expert Formulation. Assume each task-
specific parameter 6; is generated from the shared latent
parameter ¢ under Gaussian noise:

0, = C+e, €~N(03X). )

This induces the likelihood over the latent ¢,

p©) x e (- 5(C- 00T -00) (10

Thus, the corresponding energy function is quadratic

1 _
Ei(¢) = S(C-0)"37(¢-0:). (D
The MAP solution in Eq. (§) thus exhibits a closed form:

N -1/ N
¢ = (ZE?) (Zzzlez). (12)
=1 i=1

B. Recovering Existing Merging Methods. We now show
that various classical merging methods are special cases
of the above PoE with Gaussian experts which exhibit
quadratic local energy functions. In particular, we will show
that the above MAP estimator admits several well-known
model merging rules as special cases under different choices
and structural assumption of the precision matrices X L

1. Uniform Averaging. Suppose all precision matrices are
isotropic, ;! = I, Eq. (T2) simplifies to

1N
avg  _ .
¢ = Z_; 0: , (13)
which recovers uniform averaging [Wortsman et al., 2022]].

2. Fisher-Weighted Averaging. Suppose the precision ma-
trix of each task is chosen as its Fisher information matrix,
! = F;, Eq. (T2) becomes

N -1 /N
¢t = (ZF) (Zﬂei), (14)
1=1 1=1

which recovers Fisher averaging [Matena and Raffell, [2022].

3. RegMean. When the precision matrix is taken as the
Gram matrix of empirical data,

1
> = XX, 15
; N i X 15)

the MAP estimator reduces to

N -1 /N 1
¢t = (Z N,X;FXz) <Z NXiTXiez) , (16)
i=1 """ i=1 """

which recovers RegMean [Jin et al., 2022].

4 FROM GAUSSIAN TO HEAVY-TAILED
EXPERT MODELS

Section 3| shows that several existing merging methods can
be recovered as PoE models with Gaussian experts. We now
show that these Gaussian formulations impose light-tailed
assumptions on directional residuals, which mismatch the
heavy-tailed behavior observed in practice (Section[d.T)). To
address this mismatch, we introduce a heavy-tailed PoE
formulation based on Cauchy experts (Section 4.2}



4.1 LIMITATIONS OF GAUSSIAN EXPERTS

As shown above, the use of quadratic energy fields lead to
EBMs with Gaussian shapes. Such Gaussian experts are
closely related to the framework of [Daheim et al., [2023]]
which assumes a Gaussian prior over task-specific parame-
ters. This is followed by a Laplace approximation to obtain
the Gaussian posterior for the merged parameters. Under
specific choices of the precision matrix, their formulation
reduces to precision-weighted averaging and recovers stan-
dard schemes such as weight averaging and Fisher-weighted
averaging. However, such Gaussian structures often do not
sufficiently capture the tail behaviors of the merged mod-
els due to their fast-decaying tails. This represents a struc-
tural mismatch according to our empirical findings in Fig. []
which shows heavy tail behavior of the merged models.

This can be seen by analyzing the directional residual of
the merged model with respect to each task-specific module.
Given a candidate merged parameter ¢ and the i-th fine-
tuning module 8;, the directional residual is defined as

Q) = (C—6:)'6;. amn
Intuitively, this computes the difference (¢ — ;) between
the merged and individual models which is then projected
onto the direction of the task update 8,. The result measures
how far the merged solution drifted from the task-specific
module along that task’s preferred direction. Under a Gaus-
sian model ¢ — 0; ~ N(0,X;), each directional residual
thus follows a Gaussian r;(¢) ~ N(0,0, 2,0;).

As a result, existing choices of Gaussian experts, and by ex-
tension the classical merging methods they recover, implic-
itly impose light-tailed assumptions on the residuals. How-
ever, a closer inspection of the directional residuals of dif-
ferent merging methods reveals an intrinsic heavy-tailed
behavior that stands in contrast to these Gaussian assump-
tions. In Fig.[I} we plot the empirical density of the direc-
tional residuals across all tasks and layers when merging 7
(fully) fine-tuned ViT-L-14 models and overlay Gaussian
and heavy-tailed Cauchy distributions for comparison. It
shows a heavy-tailed behavior: the decay in the tail region in-
dicates a heavy-tailed distribution, deviating from Gaussian
behavior and following more closely with the Cauchy distri-
bution. In particular, large residuals occur more frequently
than would be predicted under a Gaussian assumption.

4.2 HEAVY-TAILED EXPERT MODELS

To capture this inherent heavy-tailed residual distribution,
we adopt a robust energy function whose logarithmic growth
reduces the influence of task-specific updates with large di-
rectional residuals. The negative log-density of a Cauchy
distribution [Liu and Tao| [2014] naturally exhibits this be-

havior, motivating the following Cauchy expert design:

\2
ﬁmm@>él%ﬁ+”g>7 (18)

where r;({) denotes the directional residual at task-specific
parameter 8; and v > 0 is a user-defined scale controlling
the tail heaviness of the distribution. This energy function
induces the following (unnormalized) Cauchy density:

2

Cauchy v
3 x exp|—FE; ) =53, (19
pi(¢) p (= BIMQ) = e 09
which is heavy-tailed. Under conditional independence as-
sumption of tasks, the POE-EBM posterior factorizes ac-
cording to Eq. ([7), leading to the following global energy:

ECauchy(C) — Zlog (,)/2 + Tz(C)Z) +C, (20)

where C is a constant independent of ¢. This defines the
Cauchy score as negative of the global energy gradient:

SCauchy (C) L _VCECauchy

N

27’1'
> Ve, e
i=1 v

where the residual gradient is V¢r;(¢) = 6,. We further
provide insights into the Cauchy score and the connection
between Cauchy and Gaussian experts in Appendix [D]

S5 MAP INFERENCE ALGORITHM AND
CONVERGENCE GUARANTEE

We will now develop a practical MAP inference algorithm
for the previously established heavy-tailed PoE model. We
first derive a fixed-point characterization of the optimal
merged update and then use it to obtain an iterative proce-
dure with a convergence guarantee.

As shown in the general POE-EBM setting in Section [3.1]
merging corresponds to computing the MAP estimator in
Eq. (8). For Cauchy experts with global Cauchy energy in
Eq. @]), the inference task then becomes

N
¢ o= argminZlog (72 + r,(C)Q) . (22

i=1
Unlike the quadratic case in Eq. (I2)), this optimization loss
is nonconvex and does not admit a closed-form minimizer.
However, we can exploit its structure to derive an explicit
optimality characterization. In particular, the MAP estimator
can be expressed as the closed-form solution of a nonlinear
equation, revealing that robust model merging amounts to a
residual-dependent weighted consensus among task-specific
models. The following theorem formalizes this closed-form
characterization of the MAP solution.



Theorem 5.1 (Closed-form characterization of MAP). Let
{0}V, be a set of task-specific fine-tuning modules, and
define the following auxiliary function:

ui(¢) = ([(Cfai)T9¢]2+72)_1 with v>0. (23)

It then follows that any stationary point ¢ of the MAP
loss in Eq. 22) satisfies * = F(C*) with a closed-form
mapping F' defined below;

N -1 N
(Zm(d&lﬁ +nI> (Z ui(~)0i9?0i>
i=1

& H() (), 24)

F()

where we define H(-) £ Ziil u;(-) 0;0, + nI and
b(-) = Zf\il u;(-) 0;0; 0, for ease of notation. Here, 77 > 0
is a conditioning hyper-parameter to ensure the inversion
operator in the definition of F' is well-defined.

Under mild boundedness assumptions on the fine-tuning
modules (see Assumption[5.2), Theorem [5.4]further shows
that F' is a contractive map with a unique fixed point solu-
tion. Consequently, repeated application of F' converges to
this fixed point, which corresponds to the MAP estimate
(i.e., the optimal merged solution) of PoE-EBM. This forms
the basis of our merging algorithm (see Algorithm [T).

Assumption 5.2 (Bounded fine-tuning modules). There
exists a constant M > 0 such that ||0;||2 < M, Vi € [N].

We note that in fine-tuning regimes, task-specific parameters
are fine-tuned from a common pre-trained model with com-
mon practices such as /5 regularization with small learning
rates or constraining the rank of the fine-tuning modules.
Consequently, these modules often remain within a bounded
region of the parameter space.

To validate this assumption, we compute the /5 norm of full
fine-tuned task vectors across vision tasks and their ratios
relative to the pretrained model. As shown in Table[6] the
ratio is consistently in the range of 0.6% — 0.8% across all
tasks and models. Motivated by this empirical observation,
we restrict our analysis to a local neighborhood around the
fixed point ¢* and assume that all iterates remain within a
unit ball centered at ¢* as formally stated below.

Assumption 5.3 (Local Contraction Neighborhood). Let
¢” be a fixed point of F. The iterates {¢ (k } generated by
F are assumed to remain in a closed unit ball around ¢*:

vk (W eBi(¢) £ {¢: K¢ < 1} @5)
Given the above assumption, we can now show that F' is

contractive via Theorem [5.4] below.

Theorem 5.4 (Contraction of F). Under Assumptions|5.2]
and[5.3] it follows that F is a contractive mapping where

Algorithm 1 PoE-EBM merging
1: INPUT: Backbone model W, fine-tuning modules
{6,}Y |, conditioning parameter 7 > 0, scaling coeffi-
cient A\, and number of iterations 7.

2: OUTPUT: Merged module ¢, merged model W ,,,.
3: Initialize ¢(©)

4: fork=0toT —1do

5. fori=1to N do

6: Compute residual r*) « (¢ — 6,)T0,

7. Compute ul® « 1/((r™)2 +~]6:2)

8: end for

9:  Compute H® = H(¢™), b® = p(¢™) via
10:  Compute new iterate ¢ F+1) = (H(k))_lb(k)
11: end for

12: return ¢ £ (C(T)), W, =Wy+ /\C(T)

I7(¢) = ¢V = |F(¢Y) - F(O)™M < LlI¢" = ¢

with L being a provably small Lipschitz constant,

N
L2 oMy [HI()| < 1, (26)

i=1
where H is previously defined in Theoremand Ji(¢) 2
u(¢")(0:0]6: — 0:0] F(¢™)).

Due to limited space, the proof of Theorem[5.4]is deferred to
Appendix [B] We also show empirically in Fig. ]that L < 1
in all experiments, asserting that F' is indeed a contracting
map in a neighborhood of the true MAP ¢*. This leads
to a practical merging procedure via iterating F' in Algo-
rithm [I] Its complexity analysis is provided in Appendix [C|

6 EXPERIMENTS AND RESULTS

In this section, we validate the effectiveness our framework
on diverse empirical settings covering both vision and lan-
guage tasks. We describe the setup of our experiments in
Section and provide the main results in Section We
also provide additional ablation analysis in Section [6.4]

For clarity, we use the following highlighting convention:
(1) best accuracy is bolded; (2) second best accuracy is
underlined; and (3) task-specific fine-tuning accuracy (as
performance upper bound) is colored blue.

6.1 EXPERIMENTAL SETUP

Tasks. We evaluate on both vision and language benchmarks.
For vision, we consider a 7-task benchmark and an extended
13-task benchmark. For language task, we use 8 datasets
from GLUE benchmark [Wang et al.,|2018].

Models. For vision tasks we merge CLIP ViT-B/32 and
ViT-B/14 models [Radford et al., [2021]] under both fully



Table 1: Multi-task performance comparison when merging ViT-B/32 (fully finetuned) across 7 vision benchmarks (absolute

accuracy). Task-specific finetuning accuracy is blue - performance accuracy upper bound.

ViT-B/32
Method MNIST SVHN Cars DTD GTSRB EuroSAT RESISC45 Average
Finetuning 99.67 9746 7636 9729 99.11 99.78 95.44 95.02
Weight averaging 85.00 64.05 60.10 51.76 55.38 63.44 68.30 64.00
Task Arithmetic (TA) | 90.65 71.66  60.17 55.00 62.69 66.15 69.22 67.93
TA-DARE-TIES 95.98 82.03 5941 60.90 70.84 70.48 67.52 72.45
Fisher Merging 89.77 82.35  69.15 5452 57098 77.11 74.03 72.13
DOGE-TA 98.41 87.52 70.53 6431 87.76 89.93 82.37 82.97
Concrete-TA 96.99 80.01 5799 58.56 71.27 76.22 71.59 73.23
PoE-EBM (Ours) 98.88 91.65 6593 76.06 88.80 90.04 77.92 84.18

fine-tuned and LoRA fine-tuned settings. For language task,
we merge LoRA fine-tuned Flan-T5-base and Flan-T5-large.

Model Merging Methods. We compare our PoE-EBM
against common model merging baselines including Weight
Averaging [Wortsman et al., 2022]], Task Arithmetic [Il}
harco et al.l [2022]], DARE-TIES [Yadav et al., [2023| [Yu
et al.,[2024]. We also compare with recent subspace-based
and optimization-based merging methods such as Concrete
[Tang et al.| [2023]], KnOTS [Stoica et al., 2024]] (for LoRA-
fine-tuned vision models) and DOGE [Wei et al., [2025]].

Metrics. We report absolute accuracy and normalized accu-
racy (relative to each task’s fine-tuned model). Full experi-
mental details are provided in Appendix

6.2 MODEL MERGING FOR VISION TASKS

We present the results for merging fully-finetuned ViT-B-32
and ViT-L-14 models on 7 vision benchmarks in Table [I]
and Table [8] respectively. We also present the results for
LoRA-finetuned ViT-L-14 models in Table

PoE-EBM consistently outperforms both simple weight av-
eraging and task arithmetic baselines on every individual
task. More recent alignment-based methods, such as Con-
crete and DOGE, yield further improvements over task arith-
metic; however, their average accuracies remain lower to
our approach. In general, PoE-EBM consistently achieves
best or second best accuracies on individual tasks and best
accuracy on average.

We note that while DOGE-TA outperforms PoE-EBM on
a subset of tasks, these gains come at the expense of sub-
stantial degradation on others. For instance, when merg-
ing ViT-B/32 and ViT-L/14 models, DOGE-TA achieves
absolute accuracies of 64.31 and 72.23 on DTD, respec-
tively, which are markedly lower than those obtained by
PoE-EBM (76.06 and 83.56). This behavior highlights that
our approach yields a more favorable trade-off across tasks,
maintaining strong general performance without dispropor-
tionately sacrificing any individual task. PoE-EBM also

Table 2: Average performance comparison when merg-
ing fully finetuned ViT-L/14 models and ViT-L/32 models
across 13 vision benchmarks. Task-specific fine-tuning ac-
curacy is blue - performance accuracy upper bound.

Method ViT-L-14 | ViT-B-32
Finetuning 95.93 93.20
Weight Averaging 71.08 65.22
Task Arithmetic (TA) | 80.57 66.38
TA-DARE-TIES 81.18 67.09
Fisher Merging 79.61 69.87
PoE-EBM (Ours) 87.10 77.96

demonstrates strong robustness as the number of tasks in-
creases. As shown in Table 2} our framework achieves sub-
stantial performance gains over all baselines when merging
a larger set of tasks, for both ViT-B/32 and ViT-L/14 models.

Table [T2] shows that under LoRA-fine-tuned settings, our
merging framework substantially outperforms task arith-
metic and weight averaging variants and achieves better
performance than LoRA-specific merging methods such as
KnOTS-TIES and KnOTS-DARE-TIES [Stoica et al.,[2024].
Taken together, these results demonstrate that PoE-EBM
consistently generalizes across model scales, numbers of
merged tasks, and fine-tuning regimes, without requiring
architecture-specific modifications.

6.3 MODEL MERGING FOR LANGUAGE TASKS

We now present results on eight datasets from the GLUE
benchmark using Flan-T5-base and Flan-T5-large models
in Tables [3] and 0] As noted in [Tang et al. 2023], pre-
trained text-generation models already exhibit strong in-
herent multitask capabilities, which can limit the extent of
gains achievable through task-specific fine-tuning. Despite
this, PoE—-EBM achieves the best average generation perfor-
mance across tasks on both model architectures, indicating
that our framework remains effective even in regimes where



Mean residuals across tasks at each layer

Mean residual
-
<

,_.
o
&b

2 4 6 8
Layer index
— WA — TA

10 12

—— Ours —— DARE-TIES

Mean residuals across tasks at each layer

=
=)
&

Mean residual
-
S

,_.
15}
&

0 10 20 30
Layer index
— TA

—— DARE-TIES

40 50

—— Ours
WA

—— KnOTS

Mean residuals across tasks at each layer

Mean residual

0 20

40
Layer index
— WA — TA

60
—— Ours —— DARE-TIES

Mean residuals across tasks at each layer

T 10 WMM\MWWM
3

°

‘B 107

[

—

c 1077

©

[

= 10710

0 20 40 60 80 100

Layer index
— 1A
—— DARE-TIES

—— Ours
WA

—— KnOTS

Figure 2: Plots of average directional residual over tasks (log-scale) at every layer weight in ViT-B-32 (left column) and
ViT-L-14 (right column) incurred by different merging methods. Top row - merging fully fine-tuned models. Bottom row -
merging LoRA fine-tuned models. It can be observed that PoE-EBM consistently achieve lower directional residual values

at every layer than other merging methods.

Table 3: Multi-task performance comparison when merging Flan-T5-base models (LoRA-fine-tuned) across § GLUE
benchmarks. Task-specific fine-tuning accuracy is colored blue which indicates the upper bound on performance accuracy
for model merging. It can be observed that PoE-EBM achieves the best rank among the considered methods across tasks.

Method CoLA MNLI MRPC OQNLI QQP RTE SST-2 STS-B | Average Rank
Finetuning 69.13 8270 8550 9090 84.00 8440 92900 8740 | 8462  NA
Weight Averaging | 69.70  59.65 7892  90.07 83.79 80.51 91.12 71.89 | 78.21 2.75
Task Arithmetic | 69.32  59.00 78.68  90.13 83.84 79.06 91.51 72.87 | 78.05 3.00
TIES-Merging 69.13 59.09 78.68  90.08 8391 80.14 9151 71.85 | 78.05 3.50
Concrete-TA 6922 5821 78.19  89.97 83.60 79.42 91.63 7324 | 77.93 3.50
DOGE-TA 69.12 7192 8093 9032 8351 79.82 9253 7113 | 7991  3.13
POE-EBM (Ours) | 69.22  75.33 82.84 8887 8291 80.52 9255 82.77 | 81.87  2.38

performance improvements are intrinsically constrained.

Scaling to larger LLMs. We further evaluate PoE-EBM
by merging three 7B-parameter models: Vicuna-7B, Llama-
2-Coder, and WizardMath, all fine-tuned from the same
Llama-2-7B backbone. The merged model is evaluated on
GSMS8K math problems. Despite operating on multi-billion-
parameter models, PoE-EBM requires only 122 seconds on
2xA100 GPUs, demonstrating its practical computational
cost. In addition, PoE-EBM achieves the highest accuracy
among all compared methods, outperforming both individ-
ual expert models and strong merging baselines. As shown
in Table[d] the merged model surpasses the strongest expert
(WizardMath) by more than 4 percentage points, indicat-
ing that PoE-EBM can effectively combine complementary
capabilities from specialized models.

6.4 ANALYSIS AND ABLATIONS

We provide ablation studies on the averaged directional
residuals incurred by PoE—-EBM and other merging base-
lines, the empirical convergence of the fixed point map and
runtime analysis of PoE-EBM. Additional ablation on the
performance sensitivity with respect to scaling parameter y
is provided in Appendix

Residual values across layers. To compare directional
alignment of different merging methods, we plot the task-
average squared residual value

Mean(|I(¢* - 6:)76:]%)
where ¢* is the merged model at each layer of both fully

and LoRA fine-tuned ViT-B/32 and ViT-L/14 models, and
Mean() represents the average taken across tasks. The re-
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Figure 3: Convergence of the fixed point iteration method (see Algorithm across layers of the merged ViT-L-14 model on
7 vision benchmarks using our PoE—EBM framework with heavy-tailed experts. We visualize || (k+1) _ ¢ (k) ||2 across 10
iterations. Our results show rapid convergence to the MAP solution.

Table 4: Accuracy (%) on GSMS8K dataset after merging
three 7B-parameter models (Vicuna-7B, WizardMath, and
Llama-2-Coder) fine-tuned from a shared Llama-2-7B back-
bone. PoE-EBM achieves the highest accuracy, outperform-
ing both individual expert models and standard merging
baselines (Task Arithmetic, Weight Averaging).

Method Accuracy (%)
Vicuna-7B 14
WizardMath 58
Llama-2-Coder 10
Task Arithmetic 46
Weight Averaging 40
PoE-EBM 62

sults are shown in Figure [2] respectively. Across all set-
tings, PoE-EBM consistently achieves lower residual mag-
nitude, indicating better directional alignment than other
approaches. Notably, other methods exhibit pronounced
outlier residuals at certain layers. For example, it can be
observed that the residual magnitude is abnormally large
at layer 5 of the LoORA-fine-tuned ViT-L/14 in Figure 2] In
contrast, PoE—EBM maintains low residual values across all
layers, reflecting more stable and robust alignment behavior.

Empirical convergence of the fixed point map. We em-
pirically validate the convergence of the fixed point iter-
ation algorithm (see Algorithm [I)) to compute the MAP
point of our PoE-EBM. We report the merging results with
ViT-L-14 models on 7 vision tasks. As shown in Figure 3]
in Appendix @ the sequence {¢ (k)} converges rapidly
across all examined layers, with the update magnitude
||¢*+D) — ¢8|, decreasing sharply within the first few
iterations and stabilizing thereafter. This convergence pat-

tern indicates that the contracting map admits a solution
and the resulting estimate corresponds to the MAP solution
under our probabilistic formulation. Importantly, the con-
vergence behavior is uniform across layers, implying that
the optimization landscape induced by our model is well-
conditioned in practice and that the algorithm is reliable for
large-scale model merging. The convergence behavior is
observed across layers, implying that the optimization land-
scape induced by PoE-EBM is well-conditioned in practice.

Runtime analysis. We also evaluate the efficiency of
PoE-EBM by measuring the wall-clock runtime of the merg-
ing procedure across different tasks and model scales. As
reported in Table[/] the proposed merging procedure com-
pletes in under one minute for all models considered. For
the largest model, Flan-T5-large with 0.7B parameters, the
full-layer merging process takes only 59.19s. The detailed
complexity analysis is deferred to Appendix[C]

7 CONCLUSION

We revisit model merging through the lens of MAP in-
ference in the parameter space under a product-of-experts
(PoE) energy-based model. We showed that many existing
methods can be rediscovered from this new perspective. It
enriches the solution space for model merging and at the
same time exposes critical limitations of existing work. In
this new view, existing merging methods can be interpreted
as imposing a Gaussian structure with light tails on the
directional residual between the merged and individual mod-
els. To address this limitation, we introduce Cauchy-based
experts that better capture the observed heavy-tailed be-
havior, resulting in improved performance. We developed
practical algorithms to perform MAP inference on the new
PoE design and proved convergence guarantees.
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A PROOF FOR THEOREM

Consider the MAP loss under PoE-EBM (22)):

N N
¢ o= argmcin Zlog (ri(C)2 + 77) = arg mcin Zlog ([(C -0)76,* + 77). 27

i=1 i=1
We write the squared residual term as
ri(€)? = [(€—0)T 6. = (¢(—6)" 0.6/ (C—0,) (28)

A necessary condition for optimality is that the gradient of the global energy vanishes at ¢*. This implies the Cauchy score
SCauchy(¢*) = (, resulting in the following stationary equation:

N

2ri(¢7) 0
2 eyt = ° (29)
Y 20,0, (¢* - 6,) N
SCauphy i -9 ; * OZHT * —6,) = 0. 30
pip st e e BULCR LG a0

Solving for ¢* thus reveals the fixed-point equation as desired,

t /N
(Zul 90T> (Zui(c*)eie)jei) (31)

B PROOF FOR THEOREM

We prove that the fixed-point mapping

(Z u; (¢*) 0; BT + 17I> (Z u; (¢Y) 01-9:01-) where (32)
i=1
1

w(e) = ! s 1 >0,7>0
T e meyTe vy @y T

is a contractive map under Assumptions[5.2]and[5.3] i.e.

|IF(¢)—F@w)| < L|¢"—v| where 0 < L < 1. (33)
Choosing v = ¢ (%) and factoring in that C(k'H) =F(¢ (k)) then leads to the desired result. For notational ease, we denote
H(¢) =N ui(¢)0:0] +nIand b(¢*) = o8, 4;(¢7)6:0, 0;. This results in

-1

F¢) = (HE) b(¢. (34

We first need the following lemma for computing the directional gradient of F'.

Lemma B.1. Given the mapping F defined in (34). Pick an arbitrary weight {* and direction h. Then the directional
gradient of F at ™ in the direction h is given by

N *
DF(CY)n = —2le_£i§C)(9Th)(0 070, — 0,07 F(¢* )). 35)



Proof. Applying the definition of directional derivative:

d
DF(¢)n = o F(C+th)| .

Denote H; £ H(¢* +th) and by £ b(¢* + th). Then F; £ F(¢* + th) = H; 'b,. Applying chain rule, we have

% = %H b, + H_ld;tt - —Hgldgt@+ﬂgl%, (36)
F
where we apply the matrix inverse derivative identity. At ¢ = 0, (36) becomes
DF((")n = —H(C) ' [Db(¢")n — DH(C)RF (ST, (37)
where
N N
Db(CIn = D(Vu() o6l = Y ) eTmoiel .
i=1 i=1 i
DH((")n = ZN:(Vu(C*)Th)O'GT = XNIM((JTM@»@T. (38)
= S r Y A
Substituting (38) to thus completes the proof. [ |

It is now sufficient to show that the directional gradient | DF(¢*)|| of F in an arbitrary direction h in the neighborhood of
¢™ is less than 1 to show local contraction of F' [Kreyszig, [1991].

First, we compute the gradient of u;(¢™) as:

Vui(¢*) = (7’7(2C?)(2C+>7)201 (39)

Next, we define b = v — ¢* for arbitrary weights ¢* and v such that ||h|| = 1 (as per Assumption[5.3). We bound the norm
of the directional gradients DF'(¢*)p, in direction h. Using Lemma|[B.1} we can compute VF(¢*)p, as

DF(¢*)n = —2H- 12 @ (0 9]0, - 0,0] F (c*))(ejh). (40)

i=1

[I>

Ji

Therefore, DF(¢™)p, is bounded by

N N
< 2) |H 'O < 2M> |H ', 1)

i=1 i=1

|DF(¢* 17,0 h)

where the first inequality follows from triangle inequality and || h|| = 1, the second inequality follows from Assumption
We empirically show in Figure [d]that this upper bound is less than 1 in our experiment settings, making F' a contracting map
around the neighborhood of ¢*.

C COMPLEXITY ANALYSIS OF ALGORITHM

Let 8; € R?*4 be a fine-tuning module. Outer loop over maximum iterations (line 4-12) is executed 7" times. For each outer
iteration, the inner loop (line 5-8) over tasks is executed IV times.

Inner loop complexity:
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Top: ViT-L-14. Bottom: ViT-B-32. The Lipschitz constant is consistently less than 1, indicating that F' is a contracting map,
ensuring convergence of our algorithm |I| (see Figure E[)

1. Residual computation (line 6): O(d?).
2. Task weight computation (line 7): O(1).

After the inner loop

1. Compute H and b (line 9): O(Nd?)
2. Update merged fine-tuning module (line 11): O(d?).

Therefore, total complexity is O (T (N (d®> +1) + Nd? + d3>> = O(TNd?)

D INSIGHTS INTO CAUCHY SCORE
D.1 GAUSSIAN ENERGY AND BASE SCORE

For Gaussian experts (TT)) with the precision matrix chosen as 3~ e %02-0; , the corresponding energy function, which
; ¥
we refer to as the base energy, for the ¢-th task has the following form:

1
Ebase(¢) & —(¢—6,)70,0, (¢ —6; —ri(¢)%. 42
(9] 572 (€—6:) 0:6; (C—6;) el (€) 42)
The global base energy is simply the sum over task energies £*¢({) = Zivzl #ri(ﬁ )2, which admits the following:
Sbase(c) A 7v<Ebase _ Z i (QC) 0, . 43)

i=1 v

D.2 CAUCHY EXPERTS AS ADDITIVE ROBUST GUIDANCE

To understand of the effect of heavy-tail experts, we compare the Cauchy score (ZI) with the base score (@3). The Cauchy
score (21) can be expressed as

SCauchy _ Sbase + G(C)u



Table 5: Hyperparameter settings (A, 7, 7) for PoE-EBM when used to merge fine-tuned models in vision and NLP
benchmarks. The numerical algorithm (Section [5) used to compute the MAP of PoE-EBM model is configured with
convergence tolerance parameter 10~° in all scenarios.

Domain Training Model Scale A~ n

Vision  FFT ViT-L/14 1.0 0.01 1073
Vision  FFT ViT-B/32 1.0 0.3 1073
Vision  LoRA ViT-L/14 0.25 0.01 1073
NLP LoRA Flan-T5-base 1.0 1073 1073
NLP LoRA Flan-T5-large 1.0 1072 1073

where we define the guidance term as:

a ri(¢)  2ri(C) 4
G(¢) = Z( v 72+”(C)2>01.

i=1

Simplifying the expression yields:

G = >,

Y n€)(r(0? =) -
i1 72(72+7“i(C)2) a

Intuitively, G(¢) acts as a residual-dependent adjustment that pushes ¢ away from directions with large |r;(¢)|. In contrast,
the base Gaussian score (@3) amplifies large residuals linearly, pulling the solution toward conflicts regime. The Cauchy
guidance thus provides automatic robustness where it tempers the influence of misaligned tasks while still encouraging
alignment in well-aligned directions.

E LIMITATIONS

PoE-EBM currently assumes offline model merging with simultaneous access to all task models and a shared model
architecture. Moreover, our formulation focuses on Cauchy experts as the underlying heavy-tailed distribution. Extending
the framework to continual merging, alternative heavy-tailed experts, heterogeneous architectures, and multi-modal settings
remains potential scopes for future work.

F ADDITIONAL EXPERIMENT DETAILS

Tasks. We conduct our experiments on vision and natural language processing (NLP) tasks. The downstream vision tasks
contain the 7-task benchmark: MNIST [LeCunl [1998]], SVHN [Netzer et al.,[2011]], Stanford Cars [Krause et al., [2013]],
DTD [Cimpoi et al., 2014]], GTRSB [Stallkamp et al., 2011]], EuroSAT [Helber et al., 2019], Resisc45 [Cheng et al., 2017].
We also include an additional 6 datasets to create a more challenging 13-task benchmark: CIFAR10, CIFAR100 [Krizhevsky,
et al., [2009], FashionMNIST [Xiao et al.,[2017]], Flowers102 [Nilsback and Zisserman), [2008]], Food [Bossard et al., 2014
and Oxford-IIIT Pet. For NLP task, we use 8 datasets from the GLUE benchmark [Wang et al., [2018]], icluding CoLA,
MNLI, MRPC, QNLI, QQP, RTE, SST2 and STSB.

Models. For vision experiments, we leverage pretrained ViT-B/32 and ViT-B/14 models from CLIP |[Radford et al.| [[2021]].
We consider merging models in both fully-finetuned and LoRA fine-tuned [Hu et al.l[2022] settings. We use the checkpoints
provided by [[lharco et al.|[2022] for fully-finetuned models. The LoRA-finetuned version of these models are provided
by Stoica et al.|[2024]]. For NLP tasks, we merge LoRA-finetuned Flan-T5-base models and Flan-T5-large models whose
checkpoints are provided by Wei et al.| [2025].

Metrics. We report absolute accuracy of the merging methods as well as those of individual fine-tuned models. Follow-
ing [Ilharco et al., 2022, we also report the "normalized accuracy", i.e. the ratio between absolute accuracy of the merged
model on task ¢-th and the finetuned model accuracy on the same task. Normalized accuracy shows how close the merged
model performs in relative to the finetuned model for each task. Additional experiment details are provided in Appendix [F}



Table 6: Average {5 norms of full fine-tuning task vectors 8; across seven vision tasks, together with their magnitudes
relative to the pretrained model W . All values are averaged across layers. The consistently small ratios (<1%) indicate that
task-specific updates remain localized perturbations of the pretrained model, supporting the fine-tuning parameterization

adopted throughout this work.

Backbone | ¢5-norm & ratio of /5-norms | MNIST SVHN  Cars DTD GTSRB EuroSAT RESISC45
VIT-B-32 | [[6;]]2 0.124  0.136  0.140 0.154 0.117  0.116 0.128
10ill2/[Woll2 0.65% 071% 0.73% 081% 0.61%  0.61% 0.67%
ViT-L-14 | [|6;]2 0.128  0.149 0.156 0.170 0.117  0.134 0.152
10:ll2/1Woll2 0.60% 0.70% 0.73% 0.80% 0.55% 0.63%  0.80%
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Figure 5: Empirical distributions of directional residuals r (see Eq. produced by different merging methods when merging
seven fully fine-tuned ViT models. Across all methods, the observed tails are substantially heavier than those predicted by

light-tailed models and are most accurately captured by a Cauchy distribution among the distributions considered.

Hyperparameters. All hyperparameters are selected via extensive grid search on validation performance for each archi-
tecture and training regime. We use the same convergence criterion across all experiments and report the best-performing
configuration for each setting. Convergence criteria: For all experiments with PoE-EBM, fixed-point iterations are terminated
when the norm of the difference between two iterates is smaller or equals to 10~5. The conditioning parameter 7 is fixed to
10~3. Other hyperparameter configurations for using PoE—EBM on vision and NLP tasks are reported in Table

G ADDITIONAL RESULTS

We present additional experimental results and ablation studies in this section. The normalized accuracy for fully fine-tuned
ViT-B/32 and ViT-B/14 models is reported in Tables [T0] and [T} respectively. Results for merging LoRA-finetuned and
fully fine-tuned ViT-L/14 models on the 7-task vision benchmark are shown in Tables [I2] and [8] We report the merging
results on the 13 vision benchmarks in Table [2] Table [9] summarizes performance on 8 GLUE datasets when merging
LoRA-finetuned Flan-T5-large models. Across all settings, PoE—-EBM consistently outperforms the compared baselines,
including KnOTS [Stoica et al.l|2024], which is specifically designed for merging LoRA-finetuned models. We also provide
additional empirical results demonstrating the residuals’ heavy-tail behavior when merging Flan-T5 models and ViTs which

closely aligns with the Cauchy distribution in Figs. [5]and[6]

Ablation on the covariance scale parameter. We study the effect of the scale parameter v in (I9) on the averaged absolute
accuracy of our merging algorithm on both ViT-B-32 and ViT-L-14. We vary the value of -, which controls the computation
of the task-wise weights u;(-), over the range [10~3, 3] and plot the corresponding accuracies in Figure We observe that
the performance is relatively stable across a wide range of - values for both ViT models. For ViT-B-32, accuracy peaks at
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Figure 6: Empirical distributions of directional residuals r (see Eq. produced by different merging methods when
merging 8 LoRA fine-tuned Flan-T5 models.
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Figure 7: Effect of -y values on the merging accuracies of PoE-EBM on the performance accuracy when merging 7 full
fine-tuned ViT models.

v = 0.3 and gradually decreases as <y increases to 3. Even at v = 2, PoE-EBM still outperforms all the baselines compared
with accuracy 83.36%. For ViT-L-14, the performance remains relatively stable as the accuracy gradually increases with
smaller values of . However, at extremely small values (e.g., v = 10~2), performance collapses, indicating numerical
instability and over-sensitivity in the weight u;’s computation. These results suggest that moderate + values result in stable
performance of our merging algorithm, while overly small scales can be detrimental, particularly for larger models.

H ADDITIONAL RELATED WORKS

To resolve task interference in task arithmetic [[lharco et al.l[2022]], TIES [Yadav et al.,|2023]] improves upon task arithmetic
by reducing interference between parameters using their signs and magnitudes before merging. DARE [Yu et al.| 2024]
randomly removes fine-tuned weights and rescales the existing ones to create sparse tasks vectors, improving generalization
of task arithmetic. Other line of work aims to resolve interference by merging within subspaces. Alternatively, Ortiz-Jimenez
et al.| [2023] proposes finetuning models in the tangent space, disentangling finetuned models and thus improving their
mergeability. Task Singular Vectors [Gargiulo et al.| [2025]] combines task vectors using low-rank approximation and reduces
interference through means of whitening. KnOTS [Stoica et al.| [2024]] leverages the Singular Value Decomposition (SVD) of
the concatenated task vectors to extract the shared information across all tasks and merge only the task-specific components
using task arithmetic. Concrete [Tang et al., [2023|] uses meta learning to find a common low-dimensional subspace and
perform merging with reduced interference.



Table 7: Reported processing time for our model merging algorithm (see Algorithm EI) across NLP and vision benchmarks.

Domain Benchmark Model Time (s)
NLP GLUE (8 tasks) Flan-T5-base  29.26
NLP GLUE (8 tasks) Flan-T5-large 59.19
Vision 7 tasks ViT-B/32 12.10
Vision 7 tasks ViT-L/14 42.93
Vision 13 tasks ViT-B/32 16.39
Vision 13 tasks ViT-L/14 50.79

Table 8: Multi-task performance comparison when merging ViT-L/14 (full fine-tuned) across 7 vision benchmarks (absolute
accuracy). Task-specific fine-tuning accuracy is colored blue to highlight performance upper-bound.

ViT-L/14

Method MNIST SVHN Cars DTD GTSRB EuroSAT RESISC45 Average
Finetuning 99.762  97.881 90.113 97.766 99.129  99.852 96.762 97.320
Weight averaging 79.86 59.14  75.61 5489  57.32 54.52 68.14 64.21
Task Arithmetic (TA) | 92.90 70.65  77.80  60.27  66.38 68.93 74.33 73.04
TA-DARE-TIES 98.63 88.13  80.63 7271  83.79 87.78 83.51 85.03
Fisher Merging 83.74 62.23 7771  57.34 5852 99.04 69.19 72.54
DOGE-TA 98.88 9445 87.85 7223 9397 96.41 91.94 90.82
Concrete-TA 98.99 88.47 8274 6654 87.13 93.89 89.39 86.74
PoE-EBM (Ours) 99.44 9441 8553 83.56 94.35 97.00 89.22 91.93

More recent works explore model merging through the lens of optimization. DOGE [Wei et al., 2025] view model merging
as a single constrained optimization problem where the objective is aligning the test performance of the merged model with
the task-specific models on their respective tasks. MAP [Li et al.| 2024] model the merging problem as a multi-objective
optimization problem and aim to identify the Pareto front of the merging coefficients using proxy data. Nevertheless, these
works leverage the geometry of the parameter space and employ non-probabilistic merging scheme and thus do not take into
account the uncertainty. On the other hand, our PoE-EBM framework explicitly views the merging problem as probabilistic
inference in the parameter space and takes uncertainty into account.

Table 9: Multi-task performance comparison when merging Flan-T5-large models (LoRA-fine-tuned) across 8 GLUE
benchmarks. Task-specific fine-tuning accuracy is colored blue which highlights performance upper bound. Our PoE-EBM
achieves the best rank across tasks.

Method CoLA MNLI MRPC OQNLI QQP RTE SST-2 STS-B Average Rank
Finetuning 8020 88.51 8923 9440 87.18 91.74 9519 9091 89.67 NA
Weight Averaging | 74.59  84.28  84.07 9279 86.28 87.36 9484 87.98  86.52 4.00
Task Arithmetic | 76.89 8544 8529 9392 8584 88.09 95.18 87.75 87.30 3.38
TIES-Merging 7555 84.69 8431 9394 86.18 8845 9507 87.82  86.93 3.13
Concrete-TA 76.89 86.16 88.54  93.92 8584 88.09 95.18 8791 8744 250
DOGE-TA 78.12 88.08 8652 93.80 8582 8672 9500 8771 8772 3.63
PoE-EBM (Ours) | 77.28 88.33 8676  93.06 8598 87.36 9530 88.98 87.88 2.25




Table 10: Multi-task performance comparison when merging ViT-B/32 (full fine-tuned) across 7 vision benchmarks. The
performance is reported in terms of normalized accuracy.

ViT-B/32

Method MNIST SVHN Cars DTD GTSRB EuroSAT RESISC45 Average
Finetuning 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Weight averaging 85.28 65.71 78771 5320  55.89 63.59 71.56 67.70
Task Arithmetic (TA) | 90.95 73,52 7881  56.53  63.25 66.30 72.53 71.70
TA-DARE-TIES 96.29 84.16  77.81 62.60 71.48 70.64 70.75 76.25
Fisher Merging 90.06 8449  90.56 56.04 58.50 77.28 71.57 7591
DOGE-TA 98.73 89.80 9237 66.10  88.55 90.13 86.30 87.42
Concrete-TA 97.31 82.09 7595 6020 71.92 76.39 75.01 77.08
PoE-EBM (Ours) 99.20 94.03 8634 78.19  89.60 90.24 81.64 88.46

Table 11: Multi-task performance comparison when merging ViT-L/14 (full fine-tuned) across 7 vision benchmarks. The
performance is reported in terms of normalized accuracy.

ViT-B/32

Method MNIST SVHN Cars DTD GTSRB EuroSAT RESISC45 Average
Finetuning 100.00  100.00 100.00 100.00 100.00 100.00 100.00 100.00
Weight averaging 80.05 60.42 8391 56.15 57.83 54.60 70.42 66.20
Task Arithmetic (TA) | 93.12 72.18 86.34  61.64  66.96 69.03 76.82 75.16
TA-DARE-TIES 98.86 90.04 8948 7437 84.43 87.91 86.30 87.36
Fisher Merging 83.94 63.58 86.24  58.65 59.03 99.18 71.51 74.89
DOGE-TA 99.12 9649 9749 7388  94.80 96.55 95.01 93.34
Concrete-TA 99.23 90.38 91.82 68.06 87.90 94.03 92.38 89.12
PoE-EBM (Ours) 99.68 9645 9491 8547  95.18 97.14 92.21 94.43

Table 12: Multi-task performance comparison when merging ViT-L/14 (LoRA-fine-tuned) across 7 vision benchmarks.

ViT-L/14
Method Accuracy Type | MNIST SVHN Cars DTD GTSRB EuroSAT RESISC45 | Average
Finetuning 9953 9772 99.77 7005 9720  98.59 95.70 94.08
Weleht averasin Absolute 7855  60.19 7822 5580 52.19  62.74 72.40 65.73
1ght averaging Normalized 7893 6159 7840 79.65 53.69  63.64 75.65 70.22
Task Arithmetic (TA) | APSOlute 7793 5970 78.14 5569 5185  62.70 72.06 65.44
as che Normalized 7830  61.09 7833 79.50 53.35 63.60 75.30 69.62
Absolute 70.86 7148 8186 5745 6038  57.22 79.13 6330
TA-DARE-TIES Normalized 7120 73.14 8175 8201 62.12  58.04 82.68 72.99
Absolute 8171 7538 83.83 58.30 68.66  61.74 79.79 7277
KnOTS-TIES Normalized 8210  77.14 84.03 8322 70.63  62.62 83.38 77.59
Absolute 6743 67.06 8268 58.19 64.13  59.67 80.00 68.45
KnOTS-DARE-TIES |\ alized 6775  68.62 8288 8307 6598  60.52 83.60 73.20
poB_EBM (Ours) Absolute 89.56 7556 83.37 5697 6640  60.15 80.37 73.20
° urs Normalized 89.99  77.32  83.56 8132 6831 61.00 83.98 77.93
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