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Abstract

Model merging efficiently aggregates capabilities from
multiple fine-tuned models into a single one, operating
purely in parameter space without original data or expen-
sive re-computation. Despite empirical successes, a unified
theory for its effectiveness under heterogeneous finetuning
hyperparameters (e.g., varying learning rates, batch sizes)
remains missing. Moreover, the lack of hyperparameter
transparency in open-source fine-tuned models makes it
difficult to predict merged-model performance, leaving
practitioners without guidance on how to fine-tune merge-
friendly experts. To address those two challenges, we
employ Lo-Stability theory under heterogeneous hyperpa-
rameter environments to analyze the generalization of the
merged model xq,4. This pioneering analysis yields two
key contributions: (i) A unified theoretical framework is
provided to explain existing merging algorithms, revealing
how they optimize specific terms in our bound, thus offering
a strong theoretical foundation for empirical observations.
(ii) Actionable recommendations are proposed for practi-
tioners to strategically fine-tune expert models, enabling
the construction of merge-friendly models within the
pretraining-to-finetuning pipeline. Extensive experiments
on the ResNet/Vit family across 20/8 visual classification
tasks, involving thousands of finetuning models, robustly
confirm the impact of different hyperparameters on the
generalization of T, 4 predicted by our theoretical results.

1. Introduction

The paradigm of pre-training followed by fine-tuning has
become the dominant paradigm in computer vision [11, 84,
96], leading to an explosion of powerful foundation mod-
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els [5, 17, 98] and a vast ecosystem of specialized “expert”
models fine-tuned for specific downstream tasks [2 5]. Al-
though these experts perform well on their respective tasks,
selecting a specific expert model for each downstream task
is cumbersome. A critical challenge has emerged: how
can we efficiently aggregate the distinct capabilities of mul-
tiple expert models into a single, multi-talented model?
Model merging offers a compelling answer. By operat-
ing directly in the parameter space, methods like Model
Soups [8, 62, 83] and Task Arithmetic [31] can fuse mod-
els without needing access to their original training data or
incurring the prohibitive costs of re-training from scratch.
Moreover, model merge techniques are also crucial for the
advancement of current LLMs [22, 68, 81].

Since model merging methods can operate directly in the
parameter space without accessing the original training data
and are also computationally efficient, researchers have pro-
posed a wide range of effective techniques from different
perspectives [31, 90, 92, 93, 95]. However, these methods
are often explained heuristically, and there is still no uni-
fied theoretical framework to e xplain why and w hen they
work. This theoretical gap also leads to significant practical
challenges. For example, in open-source communities such
as Hugging Face, practitioners now have access to a large
number of pretrained and fine-tuned models [82]. However,
the key hyperparameters used during fine-tuning are often
unavailable or non-transparent. This lack of transparency
introduces two main difficulties: (i) T he p erformance of
model merging becomes highly unpredictable [93], and (ii)
The try-all-and-error process to identify suitable
combina-tions greatly increases experimental cost [29, 97].
Further-more, without theoretical guidance, practitioners
attempting to merge multiple “expert models” face two
central ques-tions: (i) Since the underlying mechanisms
that determine the effectiveness of different model
merging methods re-main unclear, it is difficult to select
an appropriate merging
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strategy for a given set of models; and (ii) Without knowing
how fine-tuning processes and their hyperparameters influ-
ence the final merging performance, it is challenging to fine-
tune new models that can serve as good candidates for fu-
ture merging—so-called merge-friendly experts (i.e., expert
models with good merging compatibility) [19, 85]. This
leaves the community with an unclear theoretical frame-
work to guide the full pretrain-to-merge pipeline.

To bridge these critical gaps in both theory and practice,
our work seeks to answer two fundamental questions:

4 )
(1) What makes different model merging algorithms
effective, and can these methods be unified within a
single framework?
(2) How do the hyperparameters of these algorithms
affect their performance, and how can practitioners
adjust them to improve the performance of Ta.g?

. J

To answer these questions, we provide a rigorous theo-
retical analysis of model merging through the lens of Lo-
Stability [44, 46]. Our primary contribution is the first ex-
cess error bound for models merged from experts trained
in heterogeneous hyperparameter environments. This pio-
neering theoretical result yields two key insights. First, it
provides a unified framework that explains the effectiveness
of diverse merging algorithms. We theoretically demon-
strate how different methods, from simple averaging [31] to
sparsity-based approaches [95], can be interpreted as strate-
gies to optimize distinct terms within our bound, thus pro-
viding a strong theoretical foundation for previously empir-
ical observations. Second, our analysis yields actionable
recommendations for practitioners. By elucidating the pre-
cise role each hyperparameter (e.g., learning rate 7, batch
size b;, training steps K;) plays in the generalization of the
final merged model, we offer a strategic guide for construct-
ing merge-friendly experts.

Empirically, we validate our theory through exten-
sive experiments, performing thousands of fine-tuning and
merging trials on the ResNet family across diverse image
classification tasks [71, 76]. The results demonstrate a re-
markable alignment between our theory and empirical gen-
eralization trends. Moreover, this work establishes the first
unified and predictive mathematical framework for model
merging, transforming it from an empirical craft into a
principled and systematic discipline, and offering theory-
grounded insights to guide future developments in the field.

Table | summarizes the main challenges and our contri-
butions.

2. Related Works

This section reviews diverse model merging methods and
the current theoretical advancement in the field. At the end

of each subsection, we explicitly outline the remaining gaps
and open questions, thereby clearly positioning the contri-
butions of this work.

2.1. Model Merging Methods

Model merging techniques can be broadly categorized by
the stage at which they intervene as pre- and during-merging
methods, following the taxonomy of Yang et al. [91].
Pre-Merging Methods focus on preparing models to be
more compatible for merging, primarily by addressing the
geometric misalignment of their parameter spaces. A key
strategy is Weight Alignment [1, 23, 34, 38, 47, 51, 54, 65,
89], which seeks to find permutation symmetries or other
geometric relationships to align models within the same loss
basin before averaging. Git Re-basin [1] and its extensions
[60] exemplify this approach. Another tactic is to modify
the fine-tuning procedure itself, for instance, through Lin-
earized Fine-tuning in the tangent space of a pretrained
model, which helps disentangle task-specific knowledge
and reduce interference upon merging [48, 57].
During-Merging Methods represent the core fusion al-
gorithms. These methods span from basic methods to
advanced strategies that mitigate task interference, repre-
senting one of the most active areas of current research.
These methods include: (i) Basic methods: The simplest
approaches include direct weight averaging, as popular-
ized by Model Soups [3, 10, 39, 62, 83, 88, 99, 100], and
Task Arithmetic [31, 35, 67], which adds or subtracts vec-
tors representing specific task capabilities. While foun-
dational, their performance degrades when models exhibit
conflicting parameter updates. (ii) Weighted-based merg-
ing: To improve upon simple averaging, these methods as-
sign adaptive weights to different models or their compo-
nents. Some methods learn these coefficients using an aux-
iliary dataset [93], while others rely on heuristics like the
Fisher information matrix to determine parameter impor-
tance [16, 52, 58]. (iii) Subspace-based merging: A highly
effective strategy for reducing interference is first to sparsify
models and merge them in a shared subspace [27, 69, 94].
TIES-Merging [90] mitigates parameter conflicts by zero-
ing inconsistent signs and keeping high-magnitude updates,
while DARE [95] later showed that randomly pruning and
rescaling task vectors can further enhance performance. and
(iv) Post-calibration methods: A more recent direction aims
to calibrate the merged model after fusion. This is moti-
vated by the observation that even a successful merge in
weight space can lead to a “representation bias”, where the
merged model’s internal representations differ from those
of the expert models [73, 74, 92]. Representation Surgery
[92] addresses this by introducing a lightweight module to
correct the merged model’s feature space in a post-hoc step.

Open Questions: Model merging has developed a rich
set of empirically successful techniques, yet the underlying



Table 1. Summary of challenges in model merging and our contributions.

Aspect Prevailing Challenges & Gaps \ Our Contribution
- Lack of a unified theory to explain various methods. A Unified Generalization Framework:

Theoretical | - Effectiveness is explained by heuristics, not principles. We derive the first excess error bound via Lo-Stability,
- Unclear why merging works in heterogeneous settings. explaining why different methods are effective.
- Merged model performance is highly unpredictable. Actionable Guidance for Practitioners:

Practical - No clear guidance on how to fine-tune models for merging. | Our bound predicts hyperparameter impact, providing a
- High trial-and-error costs for practitioners. guide to create ‘merge-friendly’ experts.

. . . Extensive Empirical Validation:
.. - Lack of systematic, large-scale studies connecting

Empirical . . We finetune thousands of models across 20 tasks,

theory to practice under varied hyperparameters. . . .
showing our theory strongly aligns with real-world results.

principles unifying their success remain unclear. Currently,
no foundational theory explains, within a single framework,
why diverse strategies—such as weight alignment before
merging, sparsification during merging, or representation
correction after merging—Ilead to deteriorated merged
mod-els. This work addresses that gap by offering a
unified the-oretical perspective grounded in generalization
theory.

2.2. Theoretical Advancement in Model Merging

Theoretical understanding of model merging significantly
lags its empirical progress. As cataloged in Yang et al. [91],
existing theoretical work can be grouped by the context in
which models are merged.

First, a robust line of research analyzes the averaging
of model checkpoints along a single training trajectory, in-
cluding methods such as SWA [32, 78, 79], EMA [6, 53],
LAWA [2, 36], and SeWA [80]. The success of these meth-
ods is generally attributed to their ability to converge to
wide, flat minima in the loss landscape, which are known
to promote better generalization [26, 77]. However, such
analyses are confined to single-task settings and thus do not
extend to our multi-task scenario.

Second, some studies explain the merging of models
fine-tuned on the same dataset but with different initial-
izations or hyperparameters. The dominant theory here is
Linear Mode Connectivity (LMC) [18, 20, 21]. LMC posits
that the solutions found by SGD for overparameterized net-
works are not isolated points but are connected by linear
paths of low loss. This provides a powerful geometric intu-
ition for why models trained on the same data distribution
can be effectively averaged, especially after alignment [1].

Third, and most relevant to our paper, is the theory for
merging models fine-tuned on different datasets or tasks.
This is the most challenging and least understood scenario.
The few existing analyses are often tailored to specific
methods. For example, Ortiz-Jimenez et al. [57] use the
Neural Tangent Kernel (NTK) to provide a compelling the-
oretical link between task arithmetic and the spectral prop-
erties of the model, but this analysis is specific to their pro-
posed linearized fine-tuning method and is not applicable to

heterogeneous hyperparameter settings of this paper.

Open Questions: The current theoretical landscape re-
mains fragmented, lacking a unified framework that ex-
plains the generalization of merged models trained on di-
verse tasks under heterogeneous hyperparameter settings.
Theories like LMC do not fully account for the data het-
erogeneity between tasks, and method-specific analyses do
not provide a universal perspective. Therefore, a critical
gap remains: We lack a theoretical framework that can both
unify different merging methods and directly relate fine-
tuning hyperparameters to the final generalization error of
the merged model. This paper aims to fill this critical gap
by leveraging Lo-Stability to derive the first such unifying
generalization bound.

3. Problem Formulation

We consider N tasks, each finetuned from a pretrained
model with parameters xy. The goal of model merging is to
independently train IV expert models on different tasks and
find a merged parameter &4,y = To + Zf\il Ai(x; — o)
that performs well across all N tasks [31, 93], where x; de-
notes the expert model parameters obtained by training x
on task ¢. Specifically, model merging aims to minimize the
following global population risk:

F(@) = o > B, [f(e:2)], (1)

i=1

where € R? and P; denotes the data distribution for task
1, and the distributions differ across tasks. The loss function
l(x;2) : X x Z — RT is non-negative, and z is sampled
from the sample space Z. Since the distributions P; are typ-
ically unknown, the global population risk F'(x) cannot be
computed exactly. Instead, we can access a training dataset
D = UN,D;, where D; = {zj(-z) %, is the training set
for task ¢ of size n;. We then approximate F'(x) using the
global empirical risk:

1 N
f@):= 5 > fil@), @)
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where f;(x) = L > f(:r, z( )) is the empirical risk for

task 4, and the samples z]( i ‘P; are drawn i.i.d. from P;.
To address the two questions raised in Section 1, we need
to theoretically establish the relationship between the gen-
eralization bound of 4,4 and the relevant hyperparameters.
Next, we introduce several definitions for analyzing gener-
alization bounds and explain their practical significance.
Excess Error[44, 45]. In this work, we focus on an-
alyzing the excess error of algorithm, defined as £(x) :=
F(x)—f(&), where & denotes the empirical risk minimizer
(ERM). Moreover, the excess error can be decomposed as

Ea) = Flo)—flx) + fl®)-f@) . O

E¢ : generalization gap

Eo : optimization error

Where the £ represents the generalization error caused by
approximating the unknown data distributions P;, Vi € [N].
The second term £p captures the optimization error on the
training data D.

Remark 1 (Understanding Excess Error): Excess error
measures the gap between the risk on the true data distri-
bution F(x) and the empirical risk on the training dataset
f(&). It can always be decomposed into the sum of the opti-
mization error Eo and the generalization error Eg. Specifi-
cally, the optimization error quantifies the gap between the
solution f(x) found by our algorithm on the training set
and the theoretically optimal solution f(&), reflecting the
capability and efficiency of the optimization algorithm it-
self. The generalization error measures the gap between the
solution f(x) found on the training set and the optimal so-
lution F'(x) on the true data distribution, meaning how well
the patterns learned from the training data generalize to
unseen data. By combining both components, excess error
provides a more comprehensive measure of an algorithm’s
optimization efficiency and the quality of its solution.

Definition 1 (Perturbed datasets). Let the global dataset
be denoted by D = Ufil D; and D; = {z1,...,2n,},
where each D; represents the local dataset of the i-th task
with |D; | =n,; for all i€ [N] Consider another global
dataset D = U N Diand D; = {%,..., %, }, indepen-
dently sampled from Z such that z;,z; ~ P; whenever
zj € D;. For j, which is randomly selected from the indices
1,...,n;, define D& £ {2, ... S 21425 21y ey Zng
as the perturbed version of D, obtained by randomly

replacing the jth element with Z;, and define D 2

U];éz D U D(

Definition 2 (/> on-average model stability) Let A be a
randomized algorithm. By leveraging the notation for per-
turbed datasets introduced in Definition I, we say that A
is lo on-average model e-stable if the following inequality

holds:

ADN3| <. @

Ep 5.4 ZHA

The expectation E is taken over the random draws of the
datasets D and D, as well as the internal randomness of the
algorithm A.

Remark 2 (Advantages of Lo-Stability): Compared with
Uniform Stability [49, 66], Lo-Stability [44, 46] offers the
following advantages: (1). Weaker assumptions and better
practical applicability. Specifically, Lo-Stability removes
the bounded-gradient assumption required by Uniform Sta-
bility. This represents a significant theoretical improve-
ment, as in deep learning, there exist loss functions with
unbounded gradients—for example, the mean squared er-
ror. Hence, the assumption behind Ly-Stability broadens its
theoretical coverage and enhances its practical relevance.
(2). Greater robustness to individual sample perturbations.
Uniform Stability measures the worst-case upper bound, so
if a single data point experiences a large perturbation, the
bound becomes overly large. In contrast, Lo-Stability mea-
sures an average-case bound, making it more robust to vari-
ations in individual samples.

4. Theoretical Analysis

In this section, we first state the assumptions required
for the theoretical analysis, then analyze the excess error
E(xquvg) of model merge methods. Based on the derived
excess-error bounds, we explain why different model merge
methods are effective, how various hyperparameters influ-
ence their performance, and provide practical guidelines for
improving empirical results.

Assumption 1 (L-smoothness). The loss function £ is L-
smooth i.e. 3L > 0 such that Vx,y € Rz € D,
IVe(x; 2) = Vi(y; 2) |2 < L@ -yl

Assumption 2 (Bounded Variance). The local stochas-
tic gradient g; = ﬁ > zce, VU@; 2) is unbiased Elg;| =
Vfi(x) forall & € D;,i € [N], Let b; = |&;| denote the
batch size used for task i and there exists o2 > 0 such that
Elg;, — Vfi(z)|* < 3 forall & € D;,i € [N].

There exists
2
7, for any

Assumption 3 (Bounded Heterogeneity).
¢? > 0 such that E||V fi(z) — Vf(z)||* <
i € [N] and x € R<.

Assumption 4 (Coefficients) Let A1, ..., AN be the coeffi-
cients used to scale task vectors in the model merge algo-
rithm. We assume that \; > 0 and Zfil Ai=1



Remark 3 (Rationale for Different Assumptions): For
Assumption 2 and 3, unlike standard assumptions for algo-
rithmic convergence, we adopt gradient variance and het-
erogeneity assumptions that are dependent on the index 1,
which aligns with the practical training hyperparameter
settings of each expert model.

Notably, unlike analyses based on Uniform-Stability
[45, 49, 66], our assumptions do not include the bounded-
gradient assumption. Next, we present the generalization
error bound and excess error bound based on Lo-Stability.

4.1. Excess Error of Model Merging Method

Before presenting the upper bound of Excess Error, we first
introduce an important lemma that establishes the connec-
tion between L,-Stability and Generalization Error. The
proofs of all subsequent theorems and lemmas can be found
in the Appendix A.

Lemma 1 (Generalization via on-average model stability)
Let D, D, DY be constructed as Definition 1. Let v > 0.
If for any z, the function f(x;z) is nonnegative and
L-smooth, then

fa < ﬂEDA[IIVf( D)%)

1N
2N§

where A(-) denotes a learning algorithm, and we denote
x = A(D) as the model produced by applying A to the
dataset D. From Lemma 1, we know that the generalization
error £ on the left-hand side is controlled by the upper
bound of the gradient norm and L,-Stability on the right-
hand side. Therefore, we only need to derive the upper
bound of the gradient norm and the L,-Stability bound sep-
arately to control £;. Moreover, by combining a common
assumption £o (T aug) < C-E||V f(Xavg)||* (This assump-
tion will be detailed in Appendix A, Step 4.), we obtain the
following stability-based expression for the excess error:

AllADD) — AD)|?).

L+~

E(@avg) < E[ang — Zavg|”
—_————

I, :Model Stability

+ (3 +C) EIV S IP.
Y N—————

®)

I>:Gradient Norm

From inequality (5), we know that by controlling the upper
bounds of the first term (Model Stability) and the second
term (Gradient Norm) separately, we can obtain an upper
bound on the excess error. In the following, we present the
upper bounds for each term.

(I). Upper Bound of I;: The proof of I; proceeds
in two steps: first, derive L 2 ||:r,lK — aEZK 2. sec-
ond, obtain an upper bound for I;. Since x,, =
SN K By = SN X&S always holds, bounding
I requires first bounding I,. The following theorem pro-
vides an upper bound for ;.

Theorem 1 (Upper Bound of Model Stability): Let D, D
be constructed as in Definition 1. Let 4,5 and X, denote
the model parameters obtained by finetuning on D and D,
respectively, and then applying the model-merge method.
Then we have the following:

2 a? 3b;
Ep 5lTavg — Favg|* < 1607 ZAK G

(II). Upper Bound of I5: In real-world open-source
model parameters, models x; with different capabilities
are often obtained using different training hyperparameters,
such as different optimizers or varying numbers of training
steps. Therefore, to make our results more consistent with
practical scenarios, when bounding I, we introduce both
training heterogeneity (i.e., task-specific hyperparameters
such as batch size b;, number of steps K;, gradient noise
o;, etc., which differ across tasks) and data heterogeneity
(i.e., distributional divergence parameters (; between tasks
1 and 7). This incorporation ensures that our results possess
greater generality and broader applicability.

Theorem 2 (Upper Bound of Gradient Norm) Under As-

sumptions 1, 2, let K = % Zf\il K, nq = \/g and all
task use the SGD optimizer. Then, the gradient of the surro-
gate function f(x) = Zi\;l i fi(x) at the averaged model
Tavg IS bounded as follows:

. A(f(mo) — fint) | ALo®A,
B[V f(®avg)|I?] < = + _
IV F(@euo) ] VNK VNE ()
| ONL’0*A; | SNI*C*As
K K '
Where Ay = NYL, EX2 4, = YN M(K; —

1)7 finf = m:gnf( )’U - m?*x{oi}7< = mza‘x{gl} and
Az = max; {K;(K; — 1)}.

Furthermore, let the right-hand side of inequality (6) be
denoted as €sqq. Then, we have the following inequality,
which ensures that even under heterogeneous conditions,
the original objective function f(x) can still converge, al-
though its bound is not as tight as that in inequality 14:

N
E[|V f(@avg) I1”] < 205 a+Uesgat2Xp) ZN’C? (7

i=1
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where X?’HA = Zf\il% is the chi-square di-
vergence between the weight coefficient vectors A =
[)\1,)\27“' ,)\N] ERNandp: [%,%, ,%] € RN,

(III). Upper Bound of Excess Error: By combining
the bounds of [; and I, with inequality (5), we can readily
obtain the upper bound of the excess error.

Theorem 3 (Tight Upper Bound of Excess Error) By com-
bining the conditions and results from Theorems | and 2,
and choosing an appropriate v* in inequality (5), we obtain
the following tighter excess error bound.

N o2  3b;
<8(L+1 2§ K | - 4+ =
g(mavg) —8( + )771 )\z [ (n + n Cz)

i=1 7 (2

+(20+1)

N
Xpia D NG+ Oy + 1)6594

=1

Remark 4 (Interpretation of Classical Model Merge
Methods via the Excess Error Bound ): The excess
error bound presented in Theorem 3 provides a unified
theoretical framework for understanding the mechanisms
behind various model merging methods. Each method can
be interpreted as modifying different terms in Theorem 3 to
balance the optimization error Eo and the generalization
error Eg, thereby minimizing the excess error. Next, we will
use the bound in Theorem 3 to analyze the reasons behind
the effectiveness of each mainstream model-merge method.
This provides an answer to Question (1) in Section 1.

e Pre-Merging Methods (e.g., Git Re-basin [1]): These
methods focus on aligning the parameter spaces of expert
models before they are averaged. From our theoretical
perspective, this alignment serves to reduce the initial
task heterogeneity (2. By finding permutation symmetries
that place models in a common basin, these techniques
ensure that the subsequent merging step operates on a
set of models that are already more geometrically and
functionally concordant, thereby tightening our excess
error bound from the outset. Moreover, our Stability
Bound scales with the Lipschitz constant L (representing
loss landscape curvature). [43] (SAM) minimizes the
dominant eigenvalue of the Hessian (Apmqq.(H)), which
effectively reduces the local Lipschitz constant L, thereby
directly shrinking the stability penalty. Similarly, [70]
(Linearization) approximates the complex loss landscape
with a tangent plane. This structural constraint enforces
near-zero curvature (Hessian =~ 0), minimizing the
non-linear deviations that cause instability, thus strictly
tightening the stability bound.

During-Merging Methods: These algorithms directly ma-
nipulate the fusion process itself, and our framework re-
veals the distinct trade-offs each strategy makes. (i)Basic
Methods (Simple Averaging [83], Task Arithmetic [31]):

This approach, which sets \; = 1/N, greedily optimizes
one term in our bound: it sets the chi-square divergence
Xf,\ | fo zero, completely eliminating the penalty from op-
timizing a surrogate objective. However, its agnosticism to
task heterogeneity makes it vulnerable; outlier tasks with
large (? can inflate both the stability and optimization
error components, leading to suboptimal performance.
This motivates the pruning strategy proposed in the TIES
method [90]. (ii)Weighted-based Merging (e.g., AdaMerg-
ing [93]): These methods perform a data-driven optimiza-
tion of our entire error bound. They learn non-uniform
coefficients X that strategically accept a non-zero surro-
gate penalty ( Xi\l x > 0) in exchange for a greater reduc-

tion in the heterogeneity-dependent terms (e.g., > \i(?).
This explicitly down-weights outlier tasks to achieve a bet-
ter overall balance between the competing terms in our
bound. (iii).Subspace-based Merging (e.g., TIES [90],
DARE [95]): These techniques directly reduce task het-
erogeneity (? at a fine-grained, parameter level. Since
(2 mathematically represents the variance of gradients
across tasks. By eliminating conflicts in update directions,
pruning methods (e.g., TIES, DARE) perform statistical
trimming of outlier gradients, reducing variance and tight-
ening the CZ.Q, which, according to our bound in Theorem 3,
directly tightens both the stability and optimization error
components to improve generalization. Other methods,
such as [30] and [50], follow the same mechanism as TIES
and likewise reduce C? and (iv). Post-calibration methods
(e.g., Representation Surgery [92]): These methods act as
a corrective step after the main fusion is complete. From
our framework’s perspective, they implicitly acknowledge
that the merged model x ., may still possess a non-trivial
representation error. Instead of further modifying the pa-
rameters, they introduce a lightweight, task-specific mod-
ule to compensate for this residual error in the represen-
tation space, effectively calibrating the model’s outputs
without altering the core merged parameters.

Remark 5 (The Impact of Different Hyperparameters on
Excess Error and Practical Fine-tuning Recommenda-
tions): Our theoretical framework not only explains the dif-
ferences between merging algorithms but also elucidates
the critical role of various hyperparameters in the fine-
tune-then-merge process. In the Section 5.2, we provide
a detailed analysis of how each hyperparameter influences
the final generalization bound. Moreover, practical fine-
tuning recommendations for practitioners are presented in
Appendix A.1.2. This addresses Question (1) in Section 1.

Remark 6 (Generalization to Adam.) While Theorem 6
focuses on SGD for clarity, Theorem 12 (Appendix) es-
tablishes a general framework. As discussed in [75] and
our Appendix (Eq.(11)), adaptive optimizers (Adam) can be



modeled by modifying the effective step-size vector a; (i.e.,
adaptive learning rates). This alters the coefficients in the
bound but preserves the fundamental stability-optimization
trade-off, ensuring the theory remains applicable.

5. Experiments

In this section, we empirically validate the theoretical in-
sights from Section 4. Our goal is to show that the pro-
posed generalization bound accurately predicts the behavior
of the merged model x4 under different finetuning hyper-
parameters. We analyze the effects of finetuning steps (X;),
batch size (b;), learning rate (7);), data ratio (o), and num-
ber of merged tasks (V). Our code is publicly available at
https://gitcode.com/tanganke/stability_
model_merging.

5.1. Experimental Setup

Datasets. Our experimental testbed consists of 20 diverse
visual classification tasks, ranging from standard bench-
marks like CIFAR-10 and SVHN to more complex, fine-
grained challenges such as Stanford Cars and Food-101, as
well as scene recognition with SUN397 and satellite im-
agery with EuroSAT. The complete dataset can be found in
the Appendix B. This variety ensures a thorough and var-
ied evaluation of model merging performance. For each
experiment, we evaluate each merged model on the joint
test set—the union of all task test sets—providing a unified
measure of its multi-task performance.

Models and Merging Methods. We use three widely
adopted backbones from the ResNet family—ResNet-18,
ResNet-50, and ResNet-152—as well as the CLIP model
based on the Vision Transformer(ViT) architecture. Each
expert model is initialized from the same pretrained check-
point, obtained from Hugging Face, and then finetuned on
its respective task. During fine-tuning, we use SGD as
the optimizer for ResNet-based models and Adam for ViT-
based models. Unless otherwise specified as the variable
under investigation, we use a standard set of hyperparame-
ters for finetuning. For ResNet-based backbones, we adopt
Simple Averaging, which is equivalent to Task Arithmetic
[31] when the scaling factor is 1/N. For ViT-based frame-
works, we evaluate more advanced merging methods, in-
cluding TIES [90], DARE [95], and AdaMerging [93], to
validate our theory.

Evaluation Protocol. To ensure robust and statistically
significant results, we employ a randomized sampling pro-
cedure. For each experimental setting, we randomly sample
15 distinct groups of tasks from our pool of 20. We then
perform the merging process for each group and report the
average loss and accuracy across these 15 trials. All experi-
ments are conducted separately for each of the three ResNet
backbones. For experiments based on the Transformer ar-
chitecture, we evaluate on 8 tasks [93]. Unlike the ResNet

setting, we fix the number of tasks to 8 in all experiments
except those that explicitly study the effect of task count.

5.2. Verifying Theoretical Predictions

We now present the results of five targeted experiments,
each designed to validate a specific aspect of our theoret-
ical framework. The results are visualized in Figure 1&2.

5.2.1. Impact of Fine-tuning Steps (;)

Theoretical Prediction. As analyzed in Appendix A.1.2,
the number of finetuning steps, K, presents a fundamental
trade-off. Our bound in Theorem 3 indicates that increasing
K; reduces the optimization error component (specifically,
the €544 term, which decays with K), but inflates the model
stability component, which grows linearly with K;. This
suggests an optimal number of steps that balances under-
fitting (large optimization error) and over-specialization
(high instability). Consequently, the performance of the
merged model depends on which of these competing factors
dominates. We might observe performance first increasing
and then decreasing with K;, forming an inverted U-shape.
Alternatively, if the stability cost grows faster than the opti-
mization benefit from the start, performance could also de-
crease monotonically.

Setup and Results. We merge models finetuned for
K; € {1000, 2000, 3000, 4000} steps, while holding other
hyperparameters constant. As depicted in Figure 2(a), the
empirical results show that the loss exhibits a monotonic in-
crease or decrease, with accuracy changing inversely, which
aligns with our theoretical predictions. Different models
have distinct optimal values K. When the actual number
of steps exceeds K", the loss rises because the increase in
model instability dominates the overall excess error. Con-
versely, when the steps are fewer than K, the loss de-
creases as the reduction in optimization error becomes the
dominant factor. These observations strongly support our
theoretical prediction of the optimization—generalization
trade-off governed by K.

5.2.2. Impact of Batch Size (b;)

Theoretical Prediction. Our theory highlights a dual role
for the batch size b;. A larger b; reduces stochastic gradi-
ent variance, improving optimization, but Theorem 1 shows
that the stability term grows linearly with b; (i.e., 3b;¢?/n;),
reflecting increased sensitivity to data perturbations under
task heterogeneity. Therefore, b; represents a trade-off be-
tween optimization and generalization. However, from The-
orem 3, we observe that the coefficient of b; in the general-
ization error bound is n?. Since 1, = 0.001 in our experi-
ments, the overall effect of b; is primarily reflected through
its influence on the optimization error €544. Consequently,
as b; increases, the merged model tends to exhibit better
generalization performance.
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Figure 1. Empirical Validation of Theoretical Predictions in Transformer. The experiments evaluate four representative methods under
different algorithmic hyperparameters in terms of average accuracy and average loss, both measured on &,.4. Each subfigure also includes
the theoretically predicted trend from Theorem 3. As can be observed, all methods closely follow the theoretical predictions, demonstrating
the applicability of our framework.
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Figure 2. Empirical Validation of Theoretical Predictions in ResNet. We analyze the impact of key finetuning hyperparameters on
the performance of the merged model (xq.4). Each subplot corresponds to varying one hyperparameter while keeping others fixed.
Performance is measured by accuracy (higher is better) and loss (lower is better) on the joint test set, averaged over 15 random task groups.
The observed trends robustly align with the trade-offs predicted by our Lo-Stability-based generalization error bound in Theorem 3.

Setup and Results. We vary the batch size b; € performance as the batch size increases, with accuracy ris-
{64,128,256} for all finetuning processes. The results, de- ing and loss decreasing monotonically. This empirical find-
picted in Figure 1&2, show a consistent trend of improved ing provides compelling validation for our theoretical anal-



ysis. As predicted in our theoretical discussion, under our
experimental setting with a small learning rate (17; = 0.001
in ResNet and 7; = 0.00001 in ViT), the negative impact on
model stability is heavily suppressed by the 77 coefficient.
Consequently, the dominant effect is the reduction in opti-
mization error (€,44) afforded by the more accurate gradient
estimates from larger batches. This result underscores the
precision of our bound, which correctly predicts that while
a trade-off between optimization and generalization exists
in principle, its empirical manifestation is conditioned by
other critical hyperparameters like the learning rate.

5.2.3. Impact of Learning Rate (7;)

Theoretical Prediction. The learning rate, 7, is identi-
fied by our theory as a dominant factor controlling stability
from Theorem 3. The entire stability component in Theo-
rem 3 is scaled by 17 (where 7; is a function of the fine-
tuning learning rate 7;). Our framework thus predicts that
smaller learning rates are paramount for ensuring the stabil-
ity required for effective model merging, while larger rates
can cause the stability term to explode, leading to poor gen-
eralization regardless of the optimization progress.

Setup and Results. We finetune expert models using
learning rates 7; € {0.001,0.005,0.01} in ResNet and
{le—5,5e—6,2e—5} in ViT. The empirical results in Fig-
ure 1&2 provide compelling evidence for this prediction.
We observe a sharp and consistent degradation in perfor-
mance (both higher loss and lower accuracy) as the learning
rate increases. In fact, when n; = 0.01, we observed that
all merged models fine-tuned on ResNet-18 collapsed. This
validates that maintaining a small learning rate during fine-
tuning is critical not only for preserving pretrained features
but, more fundamentally, for ensuring the algorithmic sta-
bility necessary for the merged model to generalize well.

5.2.4. Impact of Data Ratio («;)

Theoretical Prediction. The effect of the per-task dataset
size, n; (which our data ratio «y; directly controls), is
uniquely beneficial and unambiguous according to our the-
ory. We refer to our final excess error bound in Theorem 3,
which is composed of a Model Stability component and an
Optimization Error component. The dataset size n; ap-
pears exclusively in the denominator of the entire stability
term, which is scaled by Zszl NKG (2—2 + %{3) Con-
sequently, increasing n; strictly and monotonically tightens
this crucial part of the bound.

Setup and Results. We simulate varying dataset sizes
by using a fraction a; € {0.5,0.8,1.0} of the training data
for each task. As shown in Figure 1&2, the performance
of the merged model improves monotonically as the data
ratio increases. This result aligns with our theory and sta-
tistical learning principles, confirming that fine-tuning on
more data produces more stable, generalizable, and merge-
friendly expert models.

5.2.5. Impact of Number of Tasks (V)

Theoretical Prediction. The number of tasks, NV, in-
troduces competing effects in our excess error bound, but
an analysis of their scaling rates and coefficients predicts
a clear negative trend. On one hand, the optimization
error term, €,44, provides a benefit that improves at a
rate of O(1/v/N) as N increases. However, we argue
this positive effect is minor in practice. Its coefficient,
4(f(20) — fint), is small because finetuning begins from
a strong pretrained model @, that is already close to the
optimum fi,¢. Furthermore, the negative impact from task
heterogeneity accumulates much more quickly. Terms in
our bound related to heterogeneity grow at least linearly
with N. Crucially, their coefficients, which are tied to inter-
task variance, are not small. This creates a fundamental
imbalance: a minor, slowly-improving benefit is easily out-
weighed by a significant, fast-growing penalty. Therefore,
we predict that as NV increases, the penalty from accumulat-
ing task heterogeneity will dominate, leading to a consistent
decline in the merged model’s generalization performance.

Setup and Results. We vary the number of merged tasks
N € {6,8,10,12}. In Figure 1&2(e), we observe that per-
formance generally degrades as more tasks are merged us-
ing simple averaging. This suggests that for our set of di-
verse tasks, the negative impact of increasing heterogene-
ity outweighs the potential optimization benefits. This re-
sult highlights the importance of the heterogeneity terms in
our bound and implicitly motivates more advanced merging
techniques (as discussed in Remark 4) that can adaptively
handle a large number of diverse tasks.

6. Conclusion

This paper first establishes an Lo-stability—based frame-
work that provides a unified theoretical explanation for var-
ious model merging methods. Building upon this frame-
work: (i) We clarify why different merging algorithms are
effective, showing that each method tightens the excess er-
ror bound from a different perspective; and (ii) We analyze
how fine-tuning hyperparameters affect the generalization
of T4y and offer practical guidance for training merge-
friendly expert models. These contributions bridge the gap
between theory and practice in model merging. In future
work, we will relax key assumptions (e.g., non-smooth set-
tings) to generalize our theory. Meanwhile, we are expected
to inspire the development of more effective merging meth-
ods guided by our theoretical bounds. For example, the pro-
posed theoretical bounds can guide the development of an
AutoML approach.
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A. Appendix

In this part, we provide the supplementary materials to prove the main theorem.
A.1. Preliminary Lemmas

Then, given a learning algorithm .A(-) and a training dataset D, we denote = A(D) as the model generated by the method
A with given data. Then, the upper bound of the model’s generalization gap is established in the following theorem:

Lemma 2 (Generalization via on-average model stability) Ler D, D, DD be constructed as Definition 1. Let v > 0. If for
any z, the function f(x; z) is nonnegative and L-smooth, then

N
B, 4[F(A(D) - F(AD))] < 5-Eo alIVAAD)I + 5 3 2 Ep o, ll4(D") — AD)I)

Proof 1 According to the definition of generalization error, we have:

Ep 4[F(A(D)) - f(A(D))]

| X
=Ep .4 N Z (F'(A(D)))

N
~Eps |7 2B [UA(D). 5] | ~ Epa [F(AD)]
1Y | 1 &
=Ep.a |5 2 Ex [H(A(D), %) | —Ep.4 lN > UAD): )]
1 & 1 & ,
=Epa | ZEﬁ (AD),2)]| = 5 D Epp.a [K(A(D(’)); z)}
_ [N S ( — ((A(DD); zi))l .

Since £(x; z) is L-smooth, i.e, Vx,y € X ,Vz € Z,|Vl(x;2) — VL(y; 2)|| <
risk f(x) = % Zfil U(x; z;), we have

, and by the definition of empirical

IVf(x) -

1 1
¥ 2 Vl@iz) = 5 > Vi 2)
i=1 i=1



N
Z IVe(; z;) — Vi(y; 2|
< LHfB -yl

Therefore, the empirical risk is also L-smooth, and we have the following inequality.

N
Ep A[F(A(D)) = F(AD)] <Ep 5 4 [@4(@“)) —A(D), % >_ VUAD); 5j)>1
i=1
+ 5B |40 - A
Using Cauchy’s inequality, for any v > 0, we have
Epp.a [(ADY) N Z VIU(A(D); zi >] < Epp 4l ADY) = AD)| - |VF(AD))l|

) 1
< %Ep,zs,AHA(D(’)) ~AD)IP + 5B p Al VS AD))I?

By further simplification, we obtain the final result.

Ep A[F(AD)) = F(AD)] < —— + ZED,@,A[HA(D(“) —AD)|*) +% Ep 4llVf(AD))?

Gradient norm

On-average Model stability

In fact, we modified the proof of the lemma from [44], replacing the f(A(D)) on the right-hand side with a gradient
Eap[|Vf(A(D))|?]. This adjustment better captures the impact of data heterogeneity on the generalization error. With this
lemma, obtaining the desired generalization bound reduces to controlling the /5 on-average model stability of the decentral-
ized algorithm A.

Step 1: Proof of Local Model Stability:

Lemma 3 Letting non-negative objectives f;,¥i € [N] satisfy L-smoothness and Assumptions 2, 3. We suppose the i-th task
preserves dataset D; and |D;| = n; samples. Its perturbed dataset DEJ ) has the perturbed sample Z; € D; with probability
1. If the i-th task conducts K; mini-batch SGD steps with batch-size b;, and non-increasing learning rate n; = © ( % L) we
prove the stability of local iteration on the i-th task as

]EDHD;”:BzKl _',iK . n:
i i

2 2
2 < 1orf (7 + 2 ) ®)

Proof 2 Noting that the dataset D; and the perturbed dataset D; differ by at most one sample, there are two possible cases
to consider when running local mini-batch size SGD.

First Case: In the first case, the local mini-batch size SGD does not select the perturbed sample from either D; or D;, in
which case we have

Bl 5 ¢

< Elzf — 2 — (g — g}’

< E[lef — @812 + 0 gk — 6} 112 - 2miak - aF, gt - 3b)]

<E[Jai* - &} |2+ nfllg} - gt 1? - 2m(al — 2}, Viilah) - VAi(@))]

<E [lef - @} + 0 gk — §F 12 + 2m Lk - &)1



< (1+2qL)E|xf — @)% + n?Ellgk — gF|)?
= (1+2nL)E|lzf — &> + nEllgf £V fi(a}) - g7 £ Vfi(@)|

i

<(1+ 2 L)E|2; — 2f|° + 207 Ellg; — V fi(=}) — g7 + Vfi(@])|?

+ 207E||V fi(wy) — V fi(@))]?

< (1+2nL)Ellzf — &F||* + 207Ellgh — V£i(ab)||* + 207Ellgl — V £:(&F)?
+ 207 E||V fi(f) — V fi(&))]?

42 2
< (14 2L + 202 L2)E||k — k|2 + 2%
l b

=
=

where we note that the stochastic gradients gf and §f only differ in model parameters ( mf and :if ) and the mini batch
data samples are identical in (1).
Second Case: In the second case, local mini-batch SGD samples a batch of data that involves the perturbed sample Z

from D; and D}, which happens with probability b; /n;. Analogously, we have
Effeitt — &)%)z € ¢]

< Ellzf — &F — (g} - 35|
<E|ll=f - &t + nillg — 512 - 2m(af — &, g — 1)
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L

€))

(@) . - - -
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(49)
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where (i) utilizes the fact that z, Z < Pi, implying that E 3 {Vﬁ( z) — VE({i:f; 2)} = 0, due to the expectation being

taken over the local data distribution. Since the perturbed samples z and Z are independently and identically distributed
(i.i.d.), and under Assumption I, which characterizes the smoothness of the local data distribution, the above holds. Moreover,
Assumption 2 is assumed to hold for SGD with batch size I, i.e., (z;2) = Vfi(z)| <02, Ve X, 2€D; ~ P,
We define the virtual local objective as fi(&F) = ﬁ ZZGD, U&F; ), which differs from f;(&F) = ﬁ > ep, 0(&F; 2)

by considering a perturbed sample. In step (ii), we use the fact that both fl( ) and the corresponding stochastic gradient
gf satisfy Assumption 2. In addition, f;(x) also satisfies Assumption 3 regardzng its alignment with the global objective f,
in the same way as f;(x) does, for all x € X. This holds since z and Z are drawn i.i.d. from P;, for every i € [N]. Based on
the above discussion, we conclude that

k ~k =
Bl — 27?2 € ¢]

< (L+2mD)E|ef — &7 +

4772 2 92F F k2
N + 2FE|V fi(ah) - V(@)

2 ~
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Bounding local uniform Stability: Now, we can combine these two cases. Our bound relies on the probability of whether
the perturbed samples are involved. Thus, we have:

ED D/”warl ~1_€+1||2
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where & denotes the mini-batch data sampled from the local dataset. According to the model merge rule, the models fine-
tuned for different tasks are all trained from the same pre-trained model, i.e., 0 = x°. Then, we unroll the above equation

over local steps from K; — 1downtok =0 (K; > 1) :

) 1+ 4 L)% — 1 2 gpc2
$O||2+( + 4, ) ?1+ Cv,

Ep, o[l — 5|2 < (1 + 4 L) S E[a® — A (
p.ollet — &7 < (1+4n L) El|e 4m L g (m n; )
_ (A dnl)® -1 .4772(042 + %)
AL D omg

Here we use x° = &°, which holds because both the perturbed and the unperturbed parameters are ﬁne tuned from the same

pre-trained model. Assume the learning rate satisfies ﬁ >n > then we have (1 + 4 L)% <2 and 1 < 16K;.

16KL’
We get:
; o2  3b;¢?
Ep, ozl — &2 < 16K,n? ( n z<>
' n; 1

Then we complete the proof.

Step 2: Proofs of Global Stability

Since model merging involves only a single aggregation step, different merging methods such as Task Arithmetic [31]
and Adamerging [93] essentially learn different merging coefficients. Since higher-order model merging methods such as
AdaMerging are capable of automatically capturing the differences between tasks, they can adaptively adjust the merging
coefficients to achieve better performance. This is equivalent to modifying the objective function from the standard form
fl@) = + Zfil fi(x) to a weighted form f(x) = vazl Aifi(x). We will focus on discussing the objective function
discrepancies caused by heterogeneity in tep 3. The key difference among various model merging approaches lies in how
they learn the parameters \;. To generalize our theoretical results, we will adopt the more general loss function f(x) =
SN | Aifi() in the analysis of Global Stability, where S~ | A; = 1 according to Assumption 4.



Specifically, the model merge step can be formally expressed as 4,9 = vazl MR, By = Zfil i@, Then, the
Global Stability can be represented as Ep po) ||aclK P = :NBlK “||2. Next, we derive an upper bound for the Global Stability.
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Lemma 3 Given Below

Then, we let b; = 0 for (8) denote the local stability without the perturbed sample (i.e., Z ¢ D;). In this case, the local
mini-batch SGD updates are amplified due to local stochastic gradient variance and cumulative SGD steps as:

2
E|llef" — &/ |%)2 ¢ D, < 16K

Combining the above equations, we have

N 2
- CTZ» 3b1
Ep || Tavg — Favg|* < 1607 Y NiK; ( + <§> (10)

n n;
i—1 7 i

This concludes the proof of global stability.
Step 3: Convergence Analysis (Optimization Error)

Due to the heterogeneity in training resources or algorithmic hyperparameters during the fine-tuning stage across different
tasks (e.g., different tasks may use different learning rates 7;, epochs K, optimizers, or batch sizes b;), there may exist
significant discrepancies among the parameters learned by each task. Whether merging such diverse model parameters can
still lead to convergence is an important question worth exploring. To address this, we follow the analytical framework
proposed by Wang et al. [75], with necessary modifications to suit the context of model merging. We will first introduce
some notation and then analyze the theoretical implications of such heterogeneity.

Notations: First, we define the following matrix of stochastic gradients for each task 4:
Gi = [gz(wg)a gz(wzl)7 o 791'(132&71)] € RdXKi

Here, g, denotes a stochastic gradient of f; (). Next, we define the normalized learning rate vector.

T
0 1 K;—1
7771‘ 7771 i c RKI'

9

a; = 3 ’
mom m

Here, 7; denotes a constant learning rate, while 7}, with ¢ € [K;], i € [N], can represent learning rates under any strategy,



such as exponential decay.

X
Tavg = Lo N g(wtK —xp)
1N
i=1

N”az”l <Giai>
=z — ai m| T ——
0 (NZH |1>Z ( sV 1||ai1> lla; 1

d;: normalized gradient

Terr: effective local steps Ait weight

Impact of Heterogeneity: Unlike homogeneous training—where each task uses the same learning rate, number of
epochs, batch size, etc.—heterogeneous training results in parameter updates that differ across tasks. According to the
mathematical implication of Equation (11), such heterogeneity effectively transforms the original optimization objective
flx)=% vazl fi(x) into a surrogate objective f(x) = Zf\il i fi(x), where the coefficients \; are defined as in Equation
(11). Therefore, training heterogeneity introduces inconsistency in the objective function, making the theoretical analysis of
model merging under heterogeneous conditions more complex and also more meaningful. In the following analysis, we first
present a more general theorem, and then provide a simplified version that establishes an upper bound on the optimization
error under the assumption of an SGD optimizer. In the following analysis, we first present a more general theorem, which
is adapted from the work of [75]. However, we have made several modifications to their original result, as our Assumption
3 differs from Assumption 3 in [75]. Nevertheless, we show that our assumption implies theirs, and the proof is provided as
follows:

Assumption 5 (Bounded Dissimilarity in [75]) Let the merging coefficients satisfy Assumption 4, and suppose there exist
constants B2 < 1 and k? < 1 such that

N

i=1

N
S NIVE@)|? < 52
=1

Lemma 4 Assumption 3 in this paper implies Assumption 5 in the work of Wang et al. [75].

Proof 3 As long as we can identify the parameters 3> and r? in Assumption 5, we establish the above lemma. We have
N
YNV = ZA IV fi(x) = Vf(z) + V()]
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N
< 22 ANV fi(@) = VE@)?+2> NlVF(@)? > Assumption 4 & 3
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N N
<2 NVFi@)P+2) NG
i=1 i=1
By setting % = 2 and k? = 2 Zf;l \i(2, the proof is complete.
Theorem 4 (Convergence to the Surrogate Objective f (x) Stationary Point from [75]) Under Assumptions 1, 2, and 5, let

= % Zivzl K;andn =/ % Then, the gradient of the surrogate function f(w) = Zfil i fi(x) at the averaged model
Tqug is bounded as follows:

A
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Where fine = mminf(m),o = maxo;, A = Tep NN, A|l|1aﬂ|z|2,z42 = Y Nillail3 — a?_) and Ay =

max;{||a;||1(]|a;:ll1 — ai,—1)}, where a; _1 denotes the last coordinate of the vector a,. Furthermore, let the right-hand

E[||V f(avg)|I”] < (12)




side of Equation 12 be denoted as €. Then, we have the following inequality, which ensures that even under heterogeneous
conditions, the original objective function f(x) can still converge, although its bound is not as tight as that in Equation 12:

N
B[V £ (@avg)|I”] < 2Dxgya + e+ 2xp 0 > Mi€7 (13)
i=1
2
where X2||>\ = Zf\;l (%;7)”) is the chi-square divergence between the weight coefficient vectors A = [A1, A2, , AN] €
Nandp =[+, 4., &) e RV

In fact, different choices of optimizers in Theorem 4 yield different forms of the weighting vector a;. In the work of Wang
et al. [75], several illustrative examples are provided. For instance, when the optimizer incorporates a proximal term, the
corresponding a; is given by

a;=[1-a) 1 (1-a)f2 ... (1-a)1] e RN,

where a« = ayp and p is a tunable parameter. In this case, the effective number of iterations and the associated weights are
defined as

N (- 1—(1—a)k/N
=Y (1-a) (1-w)fi/

;A= .
i=1 aN sz\; [1—(1-a)f]/N
Moreover, Wang et al. [75] also derive explicit forms of a;, Tefr, and \; when using other optimizers such as SGD with
learning rate decay or SGD with momentum.
In summary, Theorem 4 provides a general analytical framework accommodating a variety of optimization strategies. For
the sake of simplicity and to align with the hyperparameter settings used in the Step 2 Global Stability Analysis, we proceed
with a simplified version assuming that each task is optimized using standard SGD. Under this setting, we have

K;
NK’

N
. _ 1
a; =[1,1,...,1] e R, Teff:K:NZKi, lai, = K;, A\ =

which leads directly to the following corollary of Theorem 4.

Corollary 1 (Adopt the same SGD optimizer for all tasks from Theorem 4) Under Assumptions 1, 2, and 5, let K =
% Zfil K, n = ,/% and all task use the SGD optimizer. Then, the gradient of the surrogate function f (x) =
vazl Aifi(x) at the averaged model & o4 is bounded as follows:

4(f(xzo) — finr) 4ALo2A, N 6NL202 A, N 12N L2 A5

E[|Vf(Zavg)|?] < "+ _ — 7 (14)
Where finf = minf( ), 0 = max{ai} ¢ = max{g} Ay = Nval [I(()P = val)\(K — 1) and A3z =
max;{K;(K; — 1)}. Furthermore, let the right-hand szde of Equation 14 be denoted as €s4q. Then, we have the following

inequality, whzch ensures that even under heterogeneous conditions, the original objective function f(x) can still converge,
although its bound is not as tight as that in Equation 14:

N
E[[|V £ (avg) [*] < 2D a + Ueaga + 252 D Mic? (15)
i=1
1 2
where X2||A = va 1 %;‘) is the chi-square divergence between the weight coefficient vectors X = [A1,Aa, -+ ,An] €
RN andp=|%,%, .+ € RV

Step 4: Excess Risk Analysis via Joint Minimization

According to the definition of excess error in Equation 3, we have £(x) = Eg(x) + £o(x). Furthermore, we assume that
the optimization error satisfies £o(Zavg) < C - E||V f(Zavg)||*. When C = i, this assumption degenerates to the Polyak-
Lojasiewicz (PL) condition proposed in [33]. However, for non-convex optimization analysis, the PL condition is sometimes



considered too strong. A milder assumption is the Kurdyka-ELojasiewicz (KL) condition, which yields £o (€ qvg) < C 20 -
E||V f(40q)||?, where f is assumed to be smooth and 6 € [0,1). Notably, when 6 = 3. the KL condition recovers the PL
condition. To maintain generality, we do not explore how the KL parameter 6 improves convergence [37] or generalization
[7], thereby avoiding strong assumptions.

Combining Lemma 2, Equation 3, and the assumption £o (T avg) < C-E||V f(Tavg)
based expression for the excess error:

|2, we derive the following stability-

L+~ - 1
@) < 5 Elltwy ~ ol + (5 + ) EIVS @) I
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Model stability Gradient norm

Substituting inequality 10 and 14 into the above equation, we obtain:
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N
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Where €44 is defined in inequality (15).
Next, we will determine the optimal ~y for the above equation to minimize the upper bound on the right-hand side. After a
straightforward differentiation, we obtain that when + takes the following form,

N
Xpiia 2im1 AiG7 + Oa + Desga
2
e (2 2 )

Consequently, the tightest bound of €(x4.4) With respect to 7 is:

2 bz
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To facilitate the analysis, we apply the basic inequality 2v/ab < a+ b to the radical term in the above expression, yielding:

2 N 0'7? 3()2 2
E(Tavg) <8(L+ 1) Y Nk |~ +—] (17)
i=1 ' '
N
+(2C+1) [x5)A ZMC@‘Q + (g + 1)€sgd]
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A.1.1. Generalization Analysis of Classical Model Merge Methods

The excess risk bound derived in Equation (17) provides a powerful theoretical lens through which we can analyze and
understand the effectiveness of various model merging strategies. The bound reveals a fundamental trade-off: minimizing the
risk £(xq.4) requires jointly controlling the model stability and the optimization error, both of which are intricately linked to
the merging coefficients A and the inherent heterogeneity of the tasks, quantified by ¢? and the chi-square divergence Xpll A
Different model merging methods can be interpreted as different strategies for selecting the coefficients \;, thereby navi-
gating this trade-off in distinct ways.
1. Simple Averaging and Task Arithmetic [31]:
 Strategy: The most straightforward approach is to perform a uniform average of model parameters, which corresponds
to setting A; = 1/N for all 4. This is the default strategy in many foundational works. Task Arithmetic [31] operates
on task vectors (7; = x; — ) but often uses simple scalar weights, which are mathematically equivalent to a weighted
average of model parameters.



* Theoretical Interpretation: The primary advantage of uniform averaging (A; = 1/N) is that it perfectly aligns the
surrogate objective with the original objective. In this case, the weight vector X is identical to the uniform distribution
vector p, causing the chi-square divergence term Xf?ll » to become zero. This completely eliminates the penalty associ-
ated with optimizing a surrogate objective, as seen in the second major term of Equation (17). However, this strategy
is naive to task heterogeneity. It assigns equal importance to all tasks, regardless of their dissimilarity. If one task is a
significant outlier (i.e., has a very large (?), its negative impact is not mitigated, potentially inflating both the stability
term and the optimization error term (3 )\i(jf).

. Sparsity-Based Merging (DARE & TIES-Merging):

* Strategy: Methods like DARE (Drop and Rescale) [95] and TIES-Merging [90] introduce sparsity into the task vectors
before merging. TIES-Merging identifies and retains only the most significant parameter changes, resetting the rest.
DARE randomly drops a fraction of the parameter changes from each task vector.

* Theoretical Interpretation: These methods address the problem of “parameter interference,” where different tasks
pull the same parameter in conflicting directions. In our framework, this interference is a major contributor to the
heterogeneity term (. By enforcing sparsity, DARE and TIES-Merging effectively create modified task vectors 7.
This process can be seen as a form of projection that filters out conflicting or less important updates. Consequently, the
effective heterogeneity among the sparse vectors is reduced, leading to a smaller ¢? in the final merged model. This
directly reduces both the stability and optimization error terms in our bound, thereby improving generalization. They
mitigate task conflicts at a fine-grained, parameter level rather than at a coarse, task level.

. Adaptive Merging (AdaMerging):

* Strategy: Higher-order methods like AdaMerging [93] learn the merging coefficients A; by solving an auxiliary opti-
mization problem on a small, held-out dataset. The goal is to find weights that produce a merged model with the lowest
loss on this proxy dataset.

* Theoretical Interpretation: AdaMerging provides a principled approach to actively minimize the generalization
bound. Its strategy directly confronts the trade-off highlighted by our theory.

— Tackling Heterogeneity: The auxiliary optimization process is designed to identify and down-weight outlier or
conflicting tasks. If a task j is highly dissimilar to others (large ¢ Jz), including it with a large weight A; would likely
increase the loss on the proxy dataset. Therefore, the optimization will naturally assign a smaller A; to it. This
explicitly minimizes the impact of the heterogeneity-dependent term Zfil NiGE

— Navigating the Trade-off: By learning non-uniform weights, AdaMerging accepts a non-zero surrogate objective
penalty (xf,” » > 0). However, it does so only when the benefit of reducing the impact of heterogeneity (3 \iC?)
outweighs the cost. It finds an empirically optimal balance between aligning with the uniform objective and adapting
to the specific geometry of the task vectors. In essence, AdaMerging uses a data-driven approach to find a A that
minimizes a proxy for the entire bound in Equation 17, rather than greedily minimizing just one of its components.

. Pre-Merging Methods (Weight Alignment):

» Strategy: Methods like Git Re-basin [1] operate before the merge. They find permutation symmetries between the neu-
rons of different models and permute the weights of one model to geometrically align with another, without changing
its functional output. The goal is to place models in the same loss basin before averaging.

* Theoretical Interpretation: From our framework’s perspective, weight alignment is a proactive strategy to reduce the
initial task heterogeneity (2. By aligning models geometrically, these methods reduce the dissimilarity between their
parameter vectors. This ensures that the subsequent merging step begins with a set of models that are already more
concordant, effectively tightening the starting conditions for our excess error bound and leading to a more stable and
better-performing final model.

. Post-Merging Methods (Representation Surgery):

* Strategy: These methods, exemplified by Representation Surgery [92], operate on the already-merged model ..
They introduce a lightweight, task-specific module that calibrates the model’s internal representations rather than alter-
ing the core merged parameters.

* Theoretical Interpretation: Post-merging methods offer a sophisticated strategy for managing the compromises in-
herent in our bound. They implicitly treat the solution as a decoupled system.

— Core Model: The main merging process finds a robust, “common ground” model &4 that minimizes the bulk of
the excess error, primarily the components shared across tasks.

— Corrective Module: The post-hoc module is then tasked with handling the residual excess error, specifically the
portion driven by high task heterogeneity (¢?) that could not be fully resolved in the shared parameter space without
causing interference. By compensating for this error in the representation space, it provides task-specific calibration



without destabilizing the carefully balanced merged model.

In summary, our theoretical framework successfully explains the hierarchy of model merging methods. While simple
averaging minimizes the surrogate objective penalty at the risk of being susceptible to outliers, more advanced methods like
DARE and AdaMerging employ sophisticated strategies—either by reducing parameter-level interference or by adaptively
learning task-level coefficients—to actively mitigate the negative effects of task heterogeneity, ultimately leading to a tighter
excess risk bound and better generalization.

A.1.2. Deeper Analysis of the Generalization Bound and Hyperparameters

While understanding how different merging methods correspond to choices of A is crucial, a deeper analysis of the hyperpa-
rameters within the excess risk bound in Equation 17 reveals fundamental trade-offs in the fine-tune-then-merge paradigm.
We now dissect the role of key hyperparameters.

The final bound is driven by two main components: a stability term, scaled by 8(L + 1)n?, and an optimization error term,
scaled by (2C + 1).

N 2 N
2 o7 , 3bi o 2 2 2
E(Tavg) < 8(L + 1)n; z; NK; <ni + n:g) +(2C+1) | a z; AiGE + Oy a + Désga
1= 1=
Stability Component Optimization Error Component

Let’s analyze the impact of each hyperparameter:

1. Number of Local Fine-Tuning Steps (X;): The number of local epochs or steps is a critical parameter that embodies
the core trade-off between optimization and generalization.

* Mathematical Impact: K; appears linearly in the numerator of the stability component, suggesting that more steps
can worsen stability. Conversely, the optimization error term €,44 generally decreases with the average number of steps,
K, typically at a rate of O(1/VK) or O(1/K).

¢ Interpretation (The Optimization-Generalization Trade-off):

— A small K; keeps the stability term low. The model stays close to the pre-trained initialization (), and its final state
is less sensitive to individual data points in its local dataset D;. However, a small K; leads to a large €44, meaning
the model is poorly optimized (under-fitting).

— A large K reduces the optimization error €44, pushing the model closer to the minimum of its local objective.
However, this comes at the cost of increased instability. With more steps, the model has more capacity to over-
specialize on D;, causing a small data perturbation to lead to a larger divergence in the final parameters va *, which
harms generalization.

* Practical Insight: This trade-off implies that an optimal number of fine-tuning steps exists. Depending on which
factor—optimization error or instability—dominates, performance may first increase and then decrease (an inverted
U-shape), or it could decrease monotonically if the stability cost is immediately too high. Overtraining leads to over-
specialized models that are difficult to merge, a phenomenon our bound quantifies as a loss of algorithmic stability.
Therefore, we recommend incorporating more metrics to guide the selection of the optimal K in practical tasks. In
general, it is advisable to employ multiple monitoring mechanisms to determine whether the optimization process has
converged. Once convergence is detected, training should be stopped immediately, as continuing to train will increase
the stability term, while the reduction in optimization error becomes marginal and outweighed by the degradation in
stability.

2. Batch Size (b;): The batch size exhibits a subtle, dual role whose practical effect is conditioned by other hyperparameters.

» Mathematical Impact: b; appears in the numerator of the heterogeneity-driven part of the stability term (3b;(Z /n;),
suggesting a larger batch size can harm stability. However, the entire stability term is scaled by 7?.

* Interpretation (A Conditional Trade-off):

— In principle, b; presents a trade-off. A small b; keeps the term 3b;(? /n; small but can lead to noisy gradients that
slow convergence, affecting the optimization error €54q.

— Alarge b; reduces the variance of stochastic gradients, typically improving the optimization error €,44. However, it
linearly increases the stability cost term 3b;(? /n;, making the algorithm more sensitive to data perturbations.

— The decisive factor is the learning rate 7;. Since the stability cost is scaled by 77, a small learning rate can heavily
suppress this negative term, making the positive effect on optimization the dominant factor.

* Practical Insight: Our bound provides a theoretical rationale for why the observed effect of batch size depends on the
experimental setting. While a trade-off exists in theory, for fine-tuning regimes with small learning rates, the benefits
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of improved gradient estimation from larger batch sizes are expected to dominate, leading to monotonically better

performance. Therefore, we recommend using a large batch size for fine-tuning in practical tasks whenever possible.

. Dataset Size (n;): The amount of data per task has a clear and unambiguously beneficial effect.

* Mathematical Impact: n; appears in the denominator of the entire stability term, scaling both the variance component
(02 /n;) and the heterogeneity component (3b;¢?/n;).

* Interpretation (A ”Free Lunch” for Generalization): Unlike other hyperparameters that present a trade-off, in-
creasing n; strictly tightens the generalization bound by enhancing model stability without adversely affecting the
optimization error component. The influence of any single data point is diminished as the dataset grows, reducing the
model’s sensitivity to data perturbations.

 Practical Insight: This aligns with the foundational principle of statistical learning: more data leads to better gen-
eralization. Our bound confirms this holds true in the context of model merging, predicting a direct and monotonic
improvement in performance with more data. Therefore, we recommend using as much data as possible for fine-tuning
in practical tasks.

. Learning Rate (7);): The learning rate is a dominant factor in controlling stability.

* Mathematical Impact: 7; appears as a squared term, 777, multiplying the entire stability component.

* Interpretation (The Convergence vs. Stability Trade-off):

- A small 7; is essential for good generalization. The 77 term indicates that the stability bound is highly sensitive to
the learning rate. A smaller step size ensures that any perturbation in the gradient results in only a small change in
the final parameters, thus promoting stability.

— A large n; can be catastrophic for generalization. It can cause the stability component to explode, leading to an
unstable algorithm whose output varies wildly with small data changes, potentially even causing model collapse
after merging.

* Practical Insight: The bound provides strong theoretical justification for using small learning rates during fine-tuning.
This is crucial not only to avoid catastrophic forgetting but also, as our theory shows, to ensure the resulting model is
stable enough to be effectively merged and to generalize well. Therefore, we recommend using a small learning rate
for fine-tuning in practical tasks.

. Number of Tasks (/V): The number of tasks being merged introduces a trade-off between a minor optimization benefit

and a significant heterogeneity cost.

* Mathematical Impact: IV appears in the denominator of the optimization error term €,44 (improving at a slow rate of
O(1/+/N)), but the total task heterogeneity, which impacts several terms, grows linearly with .

 Interpretation (The Optimization vs. Heterogeneity Imbalance):

— A larger N provides a small, slowly-improving benefit to the optimization error. However, this benefit’s leading
coefficient, related to the initial suboptimality gap, is small for models finetuned from strong pretrained checkpoints.

— Conversely, as more tasks are added, the average task heterogeneity increases. This “parameter pollution” from
conflicting tasks creates a significant penalty that accumulates rapidly. There is a fundamental imbalance: a minor
benefit with a small coefficient is pitted against a substantial penalty that grows quickly.

* Practical Insight: Our bound predicts that for a diverse set of tasks, the performance degradation from escalating
task heterogeneity will overwhelm the marginal gains in optimization. This leads to the expectation that generalization
performance will decrease as N increases, highlighting a key limitation of simple averaging in many-task scenarios.
Therefore, we recommend minimizing the inclusion of models unrelated to the target task during merging, as reducing
the number of merged models can improve overall performance.

B. Experiment Details

B.1. Datasets Setup

We evaluate our methods on a diverse set of 20 downstream tasks spanning multiple domains. These include natural scene
classification (SUN397 [87]), fine-grained object recognition (Stanford-Cars [40], Oxford Flowers102 [56]), remote sensing
(RESISC45 [9], EuroSAT [28]), digit and character recognition (MNIST [42], SVHN [55], EMNIST [15], KMNIST [13]),
traffic sign recognition (GTSRB [64]), texture classification (DTD [12]), medical imaging (PCAM [72]), facial expres-
sion recognition (FER2013 [24]), pet breed classification (Oxford-IIIT-Pet [59]), general object recognition (CIFARIO,
CIFAR100 [41], STL10 [14], Food101 [4]), fashion product classification (Fashion-MNIST [86]), and sentiment analysis
(Rendered-SST2 [61, 63]). This selection covers a wide range of visual and textual tasks, ensuring comprehensive evaluation
of model merging strategies under heterogeneous domains and data distributions.
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C. More Results

C.1. The Average Performance of Individual Models Before Merging

(a) Batch Size

Comprehensive Analysis of Model Performance Across Different Hyperparameters

(b) Learning Rate

(c) Training Data Ratio

(d) Training Steps
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Figure 3. Hyperparameter Impact on Model Merging Performance. Comprehensive analysis of four key finetuning hyperparameters
across three ResNet architectures. Top row (a-d): accuracy vs. batch size, learning rate, training data ratio, and training steps. Bottom row
(e-h): corresponding loss curves. Each experiment varies one hyperparameter while fixing others at defaults (batch size=256, 1r=0.001,
data ratio=1.0, steps=4000). Results averaged over 20 vision datasets with error bars showing standard error.

C.2. Single-Task Finetuning Performance

To provide a comprehensive baseline for our merging experiments, the following table details the performance of each
backbone model after being individually fine-tuned on its respective task. These accuracy scores represent the “expert”

model performance before any model merging techniques are applied.
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Table 2. Single-Task Finetuning Accuracy. Performance (top-1 accuracy) of ResNet-18, ResNet-50, and ResNet-152 models after being
individually fine-tuned on each of the 20 downstream vision tasks. All models were fine-tuned for 4000 steps with a learning rate of
0.001, a batch size of 256, and using the full training dataset (data ratio of 1.0). The highest accuracy for each task is highlighted in
bold. This data serves as the baseline for the expert models used in our merging experiments.

Task ResNet-18 ResNet-50 ResNet-152
cifar10 0.9404 0.9480 0.9743
cifar100 0.7683 0.7712 0.8435
dtd 0.6676 0.6984 0.7223
emnist_letters 0.9485 0.9334 0.9470
eurosat 0.9826 09711 0.9770
fashion_mnist 0.9353 0.9084 0.9282
fer2013 0.6553 0.5853 0.6495
food101 0.7303 0.7200 0.7763
gtsrb 0.9594 0.9174 0.9478
kmnist 0.9696 0.9188 0.9601
mnist 0.9946 0.9878 0.9946
oxford-iiit-pet 0.8613 0.9057 0.9201
oxford_flowers102 0.7637 0.7536 0.7291
pcam 0.8242 0.8357 0.8390
rendered-sst2 0.5211 0.5409 0.5041
resisc45 0.9063 0.8760 0.9030
stanford-cars 0.6241 0.5769 0.6260
stl10 0.9408 0.9668 0.9813
sun397 0.4794 0.5329 0.5742
svhn 0.9501 0.9262 0.9458
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C.3. Detailed Experimental Results

This section provides the complete set of visualizations for the experimental results discussed in Section 5.2. Each figure
corresponds to a specific hyperparameter analysis, illustrating the performance of the merged model across three different
ResNet backbones (ResNet-18, ResNet-50, and ResNet-152). For each hyperparameter, we present both line plots showing
trends with error bars (top row) and bar charts for direct comparison at specific values (bottom row), evaluated by both

average accuracy and average loss.

Model Merging Performance vs Training Steps
(b) Loss vs Training Steps

(a) Accuracy vs Training Steps
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Figure 4. Detailed results for the impact of fine-tuning steps (/;). The top row (a, b) shows performance trends, while the bottom row
(c, d) provides direct comparisons. The results exhibit a clear trade-off: performance initially improves with more steps but then degrades,
particularly for ResNet-18 and ResNet-50. This inverted U-shaped trend for accuracy and U-shaped trend for loss strongly substantiates
our theoretical prediction of a balance between optimization and generalization, as discussed in Section 5.2.1.
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Model Merging Performance vs Batch Size
(a) Accuracy vs Batch Size (b) Loss vs Batch Size

05 —- RESNET152
_ 4, ~BF RESNET18
T “ —#i- RESNET50

I 28
g 8
§ o 3 26
< )
@ ©
) jd
o Q24
Q02 <
<
I !
0.1 20
~8- RESNET152
—&— RESNET18
~&- RESNET50 18
0'050 75 100 125 150 175 200 225 250 50 75 100 125 150 175 200 225 250
Batch Size Batch Size
(c) Accuracy Comparison by Batch Size (d) Loss Comparison by Batch Size
s RESNET152 s RESNET152
0s e RESNET18 = RESNET18
s RESNETS0 30 e RESNET50
0.4
25
y
g 2
§ 03 3 20
< )
S g
o o 15
§ z'
> 02
<
1.0
0.1
05
0o 64 128 256 0o 64 128
Batch Size Batch Size

Figure 5. Detailed results for the impact of batch size (b;). The plots show that for all three backbones, increasing the batch size from
64 to 256 leads to an improvement in performance, as evidenced by decreasing average accuracy (a) and increasing average loss (b).
This suggests that in our experimental setting, the potential benefits of reduced gradient variance—a key component of our theoretical
bound—outweigh the negative impact on model stability from larger batches, as discussed in Section 5.2.2.
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Model Merging Performance vs Number of Tasks
(a) Accuracy vs Number of Tasks (b) Loss vs Number of Tasks
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Figure 6. Detailed results for the impact of the number of merged tasks (N). As predicted by our theoretical analysis, increasing
the number of tasks leads to a consistent decline in generalization performance. This is shown by the decreasing accuracy trends (a) and
increasing loss trends (b) across all ResNet backbones. The results confirm that the penalty from accumulating task heterogeneity is the
dominant factor, overwhelming the marginal benefits of optimization, as discussed in Section 5.2.5.
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Model Merging Performance vs Learning Rate
(a) Accuracy vs Learning Rate (b) Loss vs Learning Rate
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Figure 7. Detailed results for the impact of the learning rate (1;). The plots demonstrate the critical role of the learning rate in model
merging. A larger learning rate leads to a severe degradation in performance, with sharply decreasing accuracy (a) and increasing loss (b).
This provides strong empirical evidence for our theoretical claim that the learning rate is a dominant factor controlling model stability, with
larger values causing the stability component of our error bound to explode, as discussed in Section 5.2.3
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Model Merging Performance vs Training Data Ratio

(a) Accuracy vs Data Ratio (b) Loss vs Data Ratio
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Figure 8. Detailed results for the impact of the training data ratio (c;). The results show a clear and monotonic improvement in
performance as more training data is used. Across all backbones, average accuracy (a) increases and average loss (b) decreases with a
larger data ratio. This aligns perfectly with our theoretical prediction that more data enhances model stability and strictly tightens the
generalization error bound, providing a "free lunch” for generalization, as discussed in Section 5.2.4.
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