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Abstract

Model merging has emerged as a promising approach for
multi-task learning (MTL), offering a data-efficient alterna-
tive to conventional fine-tuning. However, with the rapid
development of the open-source Al ecosystem and the in-
creasing availability of fine-tuned foundation models, ex-
isting model merging methods face two key limitations: (i)
They are primarily designed for in-house fine-tuned mod-
els, making them less adaptable to diverse model sources
with partially unknown model and task information, (ii)
They struggle to scale effectively when merging numerous
model checkpoints. To address these challenges, we formu-
late model merging as a constrained optimization problem
and introduce a novel approach: Frank-Wolfe Merging
(FW-Merging). Inspired by Frank-Wolfe optimization,
our approach iteratively selects the most relevant model in
the pool to minimize a linear approximation of the objec-
tive function and then executes a local merging similar to
the Frank-Wolfe update. The objective function is designed
to capture the desired behavior of the target-merged model,
while the fine-tuned candidate models define the constraint
set. More importantly, FW-Merging serves as an orthog-
onal technique for existing merging methods, seamlessly
integrating with them to further enhance accuracy perfor-
mance. Our experiments show that FW-Merging scales
across diverse model sources, remaining stable with 16 ir-
relevant models and improving by 15.3% with 16 relevant
models on 20 CV tasks, while maintaining constant mem-
ory overhead—unlike the linear overhead of data-informed
merging methods. Compared with the state-of-the-art ap-
proaches, FW-Merging surpasses the data-free merg-
ing method by 32.8% and outperforms the data-informed
Adamerging by 8.39% when merging 20 ViT models. Our
code is open-sourced at here.

1. Introduction

Multi-task learning (MTL)-based fine-tuning adapts a sin-
gle pre-trained Large Language Model (LLM) for multiple
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downstream applications, reducing the deployment over-
head of separately fine-tuning multiple models [72]. How-
ever, it still demands a large amount of high-quality data,
which might only exist in the private domain [42], and
significant compute resources [51]. To mitigate these is-
sues, model merging has emerged as a promising tech-
nique for fusing fine-tuned models within the parameter
space [22, 67, 69]. Existing model merging methods can
be broadly classified into two categories: data-free meth-
ods [22, 23, 67], and data-informed methods [69, 70], which
optimize merge coefficients based on additional data.

While these approaches have proven effective, several
key limitations hinder their scalability and broader adop-
tion. First, these methods adjust merging coefficients based
on the known capabilities of the models on specific tasks
to optimize performance, which is less robust when deal-
ing with diverse model sources with unknown information'.
This is primarily caused by the inability to distinguish high-
quality models from poorly fine-tuned ones in an unknown
model setting. Second, when scaling up these approaches to
a large number of unknown models, these methods struggle
and can result in significant performance degradation. As
shown in Figure la, our profiling study demonstrates a per-
formance reduction ranging from 18.9% to 64.4%. These
limitations are further amplified by the fast-growing open-
source Al ecosystem, where platforms such as Hugging
Face have driven a surge in the release of powerful LLMs
with many lacking complete information. Given that merg-
ing open-source models has repeatedly shown the poten-
tial to produce top-ranking LLMs on major model leader-
boards [21], developing scalable and robust merging tech-
niques is essential to harness the growing number of open-
source models, further enhancing performance and widen-
ing the adoption of model merging.

To effectively scale model merging and leverage the vast
collection of open-sourced models with unknown capabili-
ties, the new model merging method must exhibit two fun-
damental scaling properties: 1) as more irrelevant models

I'This paper refers unknown information to: /) when open-source mod-
els are partially assessed on limited benchmarks, leaving their performance
on other tasks unknown and costly to evaluate, and 2) when models contain
misleading information, polluting the merging process.
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Figure 1. Performance scaling of FiW-Merging across CV tasks. (a) demonstrate robustness to irrelevant models, while (b) show improved
performance with relevant models. (c) analyzes performance degradation when incorporating a noisy model initialized from a different
pre-trained checkpoint. Detailed results and experimental setup are discussed in Section 4.4 and Appendix B.4.

are added to the merging pool, the performance should re-
main unaffected, and 2) as more relevant models are added
to the merging pool, the performance should steadily in-
crease, converging towards the optimal performance. To
this end, we revisit model merging and formulate it as a con-
strained optimization problem, where the objective function
dictates the desirable behavior of the final merged model,
and fine-tuned checkpoints form the constraint set. Inspired
by Frank-Wolfe optimization, we introduce Frank-Wolfe
Merging (FW—Merging), an iterative algorithm designed
to enhance merging efficiency while maintaining robustness
at scale. FW-Merging comprises three principal stages
in each iteration: (1) Relevance Evaluation: Instead of
merging models arbitrarily, we obtain the linear approxima-
tion of the objective function using gradients of the current
model, revealing the most beneficial direction for improve-
ment. (2) Model Selection: The most relevant checkpoints
are selected from the constraint set by minimizing the linear
approximation, ensuring that each step incorporates task-
specific knowledge with minimal interference. (3) Knowl-
edge Integration: The selected checkpoint is integrated us-
ing an orthogonal merging method, striking a balance be-
tween adaptation and stability in the merged model.

We demonstrate the effectiveness of FW—Merging with
a diverse pool of fine-tuned checkpoints across various lan-
guage and vision tasks, compared to both data-free and
data-informed model merging methods as well as tradi-
tional MTL-based fine-tuning. As shown in Figure I,
FW-Merging satisfy our two fundamental scaling prop-
erties: accuracy performance does not drop when 16 irrel-
evant models are added (compared to a 49% drop in task-
arithmetic) and steadily improves by 15.3% when 16 rel-
evant models are included. Additionally, FW-Merging
requires only constant memory overhead, as it selects and
merges a fixed number of models at a time. In contrast,
methods that optimize merging coefficients [69] or resolve
parameter interference [67] must store all models in mem-

ory, leading to linear overhead. Moreover, FW-Merging
exhibits greater robustness to noisy models lacking critical
information, such as their initialization point. As shown
in Figure Ic, FW-Merging experiences minimal perfor-
mance degradation when a misinitialized model is intro-
duced, whereas Ties suffers a performance drop of up to

3.2%. FW-Merging outperforms state-of-the-art data-free

merging method by 32.8% and the data-informed method

Adamerging by 8.39% when merging 20 ViT models. On

the language benchmarks, FW-Merging achieves 6.3%

improvement over the best model merging method across

discriminative and generative tasks, while even surpassing

the performance of traditional MTL using only 3.4% of its

required data. Our results position FW-Merging as an ef-

fective solution to scale model merging to the next level.
Our contributions can be summarized as follows:

¢ Identify scalability and robustness issues in existing
model merging techniques through experiments, high-
lighting the urgent need for large-scale model merging.

* Formulate model merging as a constrained optimization
problem with an objective function that explicitly cap-
tures the desired behavior of the final merged model.

¢ Introduce Frank-Wolfe Merging, a novel iterative method
that autonomously guides the merged model toward an
optimized direction, even with large sets of black-box
open-source checkpoints.

* Evaluate our proposed approach on extensive bench-
marks, demonstrating its effectiveness and scalability.

2. Related Work

Efficient Multi-Task Learning. In traditional Multi-Task
Learning (MTL), a single model is trained on a dataset con-
taining multiple tasks to enable the model to acquire diverse
capabilities [3]. However, a significant challenge in tradi-
tional MTL is the issue of negative transfer [24]. To mit-
igate this, architecture-based approaches have been devel-
oped, such as parameter sparsification [36, 55] and shared



structure modularization [39, 40]. On the optimization side,
methods to resolve gradient conflicts [7, 73] and domina-
tion of gradient or learning rate [6, 34] have been proposed.
With the rise of Large Language Models (LLMs), MTL
faces additional challenges, particularly the high compu-
tational costs. To address these challenges, strategies like
parameter-efficient fine-tuning [19, 30, 31] and memory-
efficient fine-tuning [14, 32, 41] have been introduced to
minimize both memory and computational resource usage.
More recently, model merging has emerged as a promising
approach to make MTL more compute- and data-efficient.

Model Merging. While pre-merging methods prepare fa-
vorable conditions for merging, during-merging techniques
combine multiple neural networks into a single model
while retaining or enhancing their capabilities [68]. In
this work, we focus on during-merging methods. Early in-
sights into neural network landscapes [17] revealed that lin-
ear interpolation between models exposes useful loss sur-
face properties, laying the foundation for weight averag-
ing—a core merging technique. Simple averaging widens
optima and improves generalization [23], evolving into ad-
vanced methods like model soups [64] and heterogeneous
model merging. Recent advances introduce more struc-
tured approaches, such as Fisher-Weighted Averaging [52],
which incorporates Fisher information to weight parame-
ters more effectively, and Permutation Alignment methods
like Git Re-Basin [1], which address weight permutation
symmetries. Interference Resolution techniques, including
TIES [35] and DOGE [63], mitigate parameter conflicts ei-
ther through explicit alignment or projective gradient de-
scent. Task Arithmetic [44] enables weight-space opera-
tions to combine task-specific behaviors in language mod-
els, while Diversity-Aware Merging, such as DARE [33],
leverages model diversity to improve sparse-to-dense in-
tegration. In contrast to the data-free methods mentioned
above, data-informed methods [56, 69, 70] optimize merg-
ing coefficients using additional data. Model merging is
impactful for LLMs, enabling efficient knowledge inte-
gration without full retraining, facilitating distributed fine-
tuning [62], multi-task learning [49], and cost-effective
model adaptation.

3. Method

3.1. Preliminary: Frank-Wolfe algorithm
The Frank-Wolfe (FW) algorithm [15], also known as the

conditional gradient method, is an iterative optimization al-
gorithm for constrained optimization problems of the form:

min f(x) (D

zeC

where f is a continuously differentiable function, and C is
a compact convex set. The algorithm follows an elegant

geometric intuition: at each iteration ¢, FW first identifies

which vertex of C yields the steepest descent direction and

then moves towards this vertex to decrease the value of the

objective function. More specifically, FW algorithm:

1. Constructs a linear subproblem of the original optimiza-
tion (a.k.a. linear minimization oracle) using first-order
Taylor expansion at the point x;:

LMO(C, x¢) := argmin(s, V f(z¢)) 2)
seC

2. Finds the vertex s; of the feasible set C by picking s; €
Ll\/IO(C7 .’13,5).

3. Takes a careful step from the current point x; towards
this direction s; — x;, maintaining feasibility through the
convex combination: 41 = (1 — ;)@ + V¢ S¢.

The step size 4+ € [0, 1] can be chosen by line search

Ve = argminf((l —y)z + ’yst), 3)

v€[0,1]
which ensures a sufficient decrease in f(.) at each FW step.
To determine when to stop, the FW gap is used to mea-

sure the suboptimality in terms of the proximity to the best
solution of LMO:

gt ‘= I?Eacx<_vf(zf)a St — xt>a (4)

which is non-negative by definition.

3.2. Frank-Wolfe Model Merging

We consider the problem of fine-tuning a pre-trained foun-
dation model on new tasks. Given a pre-trained model 6
and previously fine-tuned models {0%,05,--- | 6%}, we aim
to fine-tune the (n 4+ 1)-th model 6,,11 on new tasks as a
convex combination of the previous models with a) limited
high-quality data and b) optimal merging coefficients.

To this end, we propose a Frank-Wolfe based model
merging framework, which is described as follows.

min é( Z: A0, D) st

where A = {\1, ..., A\, } are the merging coefficients, and ¢
is the loss function with a multi-task objective on a training
dataset D for new tasks.

Potentially, a scaling issue of this formulation appears
when the number of fine-tuned models n is large, since we
need to keep all the fine-tuned models in memory. To ad-
dress this, we propose a reformulation of the problem eq. (5)
as follows:

n

=1 A0, (5

i=1

min £(9, D), (6)

where M := conv({6; }7_,) is the convex hull of the set of
previously fine-tuned models.
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Figure 2. Illustration of model merging methods. © 4 is an irrelevant model, while © g and O ¢ are relevant models. Darker regions indicate
higher objective function loss. Task Arithmetic treats all task vectors equally, failing to move optimally. Adamerging assigns different
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iteratively selects the most relevant model to merge and adapts step sizes, efficiently reaching the optimum after 7" iterations.

Proposition 1. The optimization problems in equations (5)
and (6) are equivalent.

Proof. By definition of convex hull, any point § € M can
be written as a convex combination of the vertices {0} }7_,,

ie, 0 = Y0 N6 where A € A™ = {\ € R" |
> A =1,\; > 0}. Therefore:

min (9, D) = min E( ; A7, D).

This shows that any solution of one problem can be mapped
to a solution of the other problem with the same objective
value. O

Since the FW algorithm requires the initial solution to
be an interior point of the constraint set, we add the initial
solution 6 to form a new constraint set M := conv(M U
{6o}), which we still denote as M for simple notations. A
nice property of this reformulation is that the LMO can be
simplified to

LMO({0;}i1,D,0,) = argmin (VE(0;,D),s) (7)
s€{07,....05}

This is because for linear programming problems over
convex sets, the optimal solution is always attained at the
vertices of the constraint set. Algorithm | details the steps,
and Figure 2 provides an overview.

3.3. Design choices of the algorithm

The above algorithm illustrates the key ingredients of
Frank-Wolfe merging: LMO, stopping criterion g;, line
search routine, and the merging function. We discuss in
this section the design choices of these components.

Merging function The main deviation from the classi-
cal FW algorithm is the reinterpretation of the FW update
xt11 = (1 — )z + yese as a local merging between 6;

Algorithm 1: Frank-Wolfe Merging:

Input : Initial solution 6y; Fine-tuned checkpoints
{07}7_; Train-set D; FW budget T".

i=1>
Output: Merged model 07, ;.4

1: if 6y ¢./\/lthen./\/l :MU{Q()}

2: fort =0...7T do

3: Let s; := LMO(Gt) and d; := s; — 0;

4: ifgt = <—V€(9t, D), dt> < € then

5: return 6. .4 < 0;

6: end if

7. Line-search: v, € argmin/ (6, + vd,))

v€[0,1]
8:  Update: 6y11 := MergeFn(0;, s¢, v¢)
9: end for

—_

. *
0: return 03/, ., < Or

and s;. We denote by MergeFn the customizable merging
function as long as the merged model stays in the convex
hull M. The most straightforward merging function is the
convex combination:

MergeFn (0, s¢,ve) := (1 — 7¢)0: + VeS¢, ¥

which corresponds to the Task-Arithmetic [44] method. The
step size ; makes sure the merged model stays in M.

It is natural to ask whether other existing model merg-
ing methods, such as TIES-Merging [35] and DARE [33]
could also be used as MergeFn. The problem with these
sophisticated merging methods is that the merged model
might leave the constraint set, and thus violate the assump-
tion of maintaining feasibility required by the classical FW
theory. We verified in practice that these less rigorous merg-
ing functions might achieve better performance in certain
cases but they generally cause more stability issues. There-
fore, we do not consider these merging functions from the
current comparison.



Hard FW v.s. Soft FW In the case of deep learning, the
optimization problem is non-convex, additional efforts are
needed to better characterize the loss landscape and prevent
the LMO from being dominated by one or a few fine-tuned
models, which occurs because the linear approximation of
£(6, D) is an inaccurate sketch of the original objective
function. Instead of relying on the argmin of linear subprob-
lem, we fetch the top- vertices of LMO, {5;}¥_,. A more
subtle top-k operation can be performed in a task-wise fash-
ion if the original objective function involves multi-tasks.

Given the top-k vertices, we now go back to eq. (5)
to obtain the optimal merging coefficients {\3}%_,. Note
that this inner optimization” is a reduced version of original
eq. (5) because hosting k£ models in memory would not be a
problem. We also remove the line search step as this gives
a new merging function of the form

k
MergeFn(0;, {3;}5_1, {7 15_)) =00 + > N5 (5; — 64).
j=1

€))

We call this oracle soft LMO in comparison to the argmin
version which we call hard LMO.

Proposition 2. The merging function defined in equation
(9) maintains feasibility, i.e., the merged model stays in the
convex hull M.

Proof. We can rewrite the merging function as:

k k
Orr = (1= _X5) -0+ > A - 5.
j=1 j=1

Since §; € M and §; € M forall j = 1,...,k, and
{/\j ?:1 are obtained through projection onto the simplex

(e 8, Ar = 1and A5 > 0), we have 0,41 € M. This
follows from the convexity of M: a convex combination of

points in a convex set remains in the set. O

Theorem 1 (Convergence Rate of Soft FW). Consider
£(0, D) be L-smooth over M, which has two constants:
diam := maxg, g,em |61 — 62| be the diameter of M,
and subopt := £(6y, D) — minge a £(6, D) be the global
suboptimality. Consider the soft FW algorithm which intro-
duces the following changes to Algorithm 1:

1. {5;}%_, is the top-k vertices of LMO.

2. X3 = argminyear £(0; + Y5y Aj (55— 61), D).

3. 6t+1 = 9,5 + Z?:l )\}k(gj - Gt)
We have:

. < subopt L - diam?
min
t:07...,Tgt - T 2

2For inner optimization, we use projected gradient descent with a pro-
jection of {\;} ;?:1 onto the simplex after each gradient update.

Proof. We first define g as the top-k FW gap of the soft
FW algorithm:

k
> XV, D), 0; — s5).

Jj=1

gf = max max
AEAFE 51,...,5,.EM

Comparing to the full FW gap
= (0, D), 0, —
gt ?é%(<v ( ty )7 t S>,

we have:

95 > g
because the top-k FW gap subsumes the original FW gap
by setting Ay = 1 and \; = O for j = 2,...,k. Intu-
itively, selecting multiple descent directions and optimizing
their combination always gives at least as much descent as

the single best direction. From the Lipschitz continuity of
£(6, D), we have:

L
UOrr1) < U(0e) + (VE(6r), Orir — Oe) + S [10e41 — 0.

Using the update rule 6,1 = 6; + Z?Zl A7 (85
have:

—0;), we

<V€(9t)79t+1 — 9t> = —gf
Therefore,
L
U(Or41) < L(0:) — gf + 01 — 0.
Since 641 is a convex combination of §; and 5;, we have:
0141 — 0:)* < diam?.
Hence,
ko, Lo o
00p41) < L(0) — gy + Edlam .

Summing overt = 0,...,T — 1, we have:

T-1
Z gr < 0(60) — L(67) + %diamQ.

t=0
LT
< subopt + TdiamQ.
Therefore,

. k x _ subopt
< — <
min gt S 7D o <

The same result holds for g; by the definition of gF. O

L
+ Ediamz.

This convergence proof for non-convex objective func-
tions is based on the proof given by [28]. Due to the soft
LMO, we obtain a better convergence rate O(%) over the
vanilla rate O(ﬁ) with a price to solve a relatively more
expensive iteration to obtain the optimal coefficients. This
might result in a longer total time, but it is worthy of a so-
lution to the problem of model merging.



Task-wise LMO v.s. layer-wise LMO The naive im-
plementation of FW-Merging would vectorize the whole
model weights 6 and then solve LMO. We call this fask-
wise LMO. Since different layers contribute differently to
model performance [71], a layer-wise LMO may yield bet-
ter model merging. To incorporate this, the constraint set
is redefined as a Cartesian product of convex hulls for each
layer: M := My x -+ x My, where L is the number

of layers and M; := conv ({Qf’l}?zl). The LMO is then
conducted layer-wise:

argmin  (V£(6', D), s').

stefort,....on")

LMO({6; "}y, D 6}) =
(10)

This version can be viewed as a block-coordinate Frank-
Wolfe algorithm [29], which is applied when the problem
has a natural decomposition into blocks.

4. Experiments

4.1. Experiment Setup

Benchmarks. Our primary objective is to evaluate the ef-
fectiveness of our method in scenarios where the number of
models greatly exceeds the number of evaluation tasks, and
each model’s capabilities are unknown in advance.

* Vision Tasks: Following the setting of TALL [61], we
use 20 ViT-B/32 models, each fine-tuned on a different
vision task. The number of models to be merged is in-
tentionally set to be significantly larger than the number
of evaluation tasks, allowing us to assess the scalability
of model merging methods. The evaluation benchmarks
consist of four tasks: SUN397 [66], Stanford Cars [26],
GTSRB [54], and DTD [9].

e Language Discriminative Tasks: We prepare 8
RoBERTa checkpoints [37] fine-tuned on eight tasks from
the GLUE benchmark, following the practice in [38]. The
merged model is then evaluated on four tasks from the
GLUE benchmark [60]: MNLI, QNLI, QQP, and RTE.

¢ Language Generative Tasks: We collect 16 LLaMA?2-
7B models [58] fine-tuned with LoRA [20] on various
tasks from Hugging Face. These models have unknown
and uncontrolled capabilities, making them equivalently
black-box models. Our goal is to evaluate the robust-
ness of model merging methods in this challenging set-
ting. The evaluation benchmarks include CNN/DM sum-
marization [45], PubMedQA [25], and HumanEval [5].

Detailed information can be found in Appendix B.1.

Metrics. For vision tasks, we report the classification ac-
curacy. Following [38], we report the average normal-
ized score for language tasks to account for differences in

task-specific score ranges to account for variations in task-

specific score ranges. The normalized score is computed as

T S 0*
Scorenormalized = % il %

Baselines. We compare FiW-Merging with both data-
informed and data-free model merging methods. For
data-informed model merging, we compare FW-Merging
against Adamerging [69], Surgery [70], and Concrete Merg-
ing [56]. To ensure a fair comparison, these methods are
trained only on the same tasks as FW-Merging. For
data-free model merging, we compare FW-Merging with
Fisher Merging, Weight Averaging, RegMean Merging,
Task Arithmetic [44], Ties-Merging [67], and DARE Merg-
ing [33] across both language and vision tasks. Addition-
ally, we fine-tune one model on the discriminative language
benchmark and another on the generative language bench-
mark to serve as additional baselines. Further details can be
found in Appendix B.2.

Implementations. We implement two FW-Merging
variants: FWyarq, Which uses hard FW with layer-wise
LMO, and FWy ¢, which employs soft FW with task-wise
LMO (Section 3.3). For FWg,r:, layer-wise coefficients
are optimized via gradient descent on the training dataset
to solve eq. 5, differing from Adamerging [69] by mini-
mizing cross-entropy loss on training data rather than en-
tropy on test samples. The training dataset consists of 100
samples per task. On language benchmarks, FW, .4 runs
for 10 iterations, initialized with Task Arithmetic’s merged
model. For vision tasks, it runs for 3 iterations. FWg, ¢ runs
for 15 iterations on vision benchmarks, initialized with the
pre-trained model. Training datasets consist of 100 sam-
ples from MNLI, QNLI, QQP, and RTE [60] for discrimi-
native tasks; CNN/DM [45], CodeAlpaca-20k [4], and Pub-
MedQA [25] for generative tasks; and SUN397 [66], Stan-
ford Cars [26], GTSRB [54], and DTD [9] for vision tasks.
Further details can be found in Appendix B.3.

4.2. Comparison with Model Merging Methods

We evaluate FW-Merging against both data-informed and
data-free model merging approaches across language and
vision benchmarks. Table | reports the results for language
tasks, including both discriminative and generative settings,
while Table 2 presents results on vision benchmarks.

Language Tasks. FW,..4 achieves the highest average
normalized score across language benchmarks, consistently
surpassing prior model merging baselines. Specifically,
FWyarq improves upon Task Arithmetic by 4.6 points, Ties-
Merging by 11.7, and DARE (Ties) by 9.8 on discrimina-
tive tasks. Table 4 shows that FWy,.4 also outperforms
data-informed Adamerging by 5.9 points. For generative



Table 1. Performance on 4 Discriminative Tasks when merging 8 RoBERTa and 3 Generative Tasks when merging 16 LLaMA2-7B.

Method 4 Disc. Tasks (8 Models) 3 Gen. Tasks (16 Models) Avg. Normalized Score
Pretrained 49.6 77.1 634
Traditional MTL 73.1 81.2 77.2
Task Arithmetic (w/ DARE) 77.3 16.8 47.1
Ties-Merging (w/ DARE) 75.6 46.6 61.1
Task Arithmetic 80.8 75.9 78.4
Ties-Merging 64.3 78.5 71.4
FWharq (Ours) 85.4 80.8 83.1

Table 2. Performance on 4 CV Tasks when merging 20 ViT-B/32.

Method SUN397 Cars GTSRB DTD Avg.
Pretrained 62.3 59.7 32.6 43.8 49.6
DARE (TIES) 5.9 2.3 16.7 11.8 9.2
Task Arithmetic 204 12.2 29.8 223 212
Ties-Merging 51.0 36.2 57.7 40.6 464
Weight Averaging 64.2 59.6 43.1 46.5 534
Fisher Merging 64.6 63.8 43.0 469 54.6
RegMean 65.5 62.2 59.7 539 60.3
LW Concrete AM 62.5 60.3 88.0 547 66.3
Adamerging 66.4 70.1 95.1 640 739
Surgery 69.7 71.8 96.6 734 779
FWharq (Ours) 66.5 69.9 95.1 64.5 74.0
FWsorr (Ours) 72.9 74.8 96.8 76.0 80.1

tasks, FWyarq outperforms Task Arithmetic by 4.9 points,
Ties-Merging by 2.3, and DARE (Ties) by 34.2. Interest-
ingly, while Task Arithmetic outperforms Ties-Merging on
discriminative tasks by a margin of 16.5 points, it lags be-
hind by 2.6 points on the more challenging generative tasks.
This discrepancy likely arises from increased interference
among task vectors as more checkpoints are merged. Un-
like Ties-Merging, which explicitly resolves merging con-
flicts, Task Arithmetic lacks a reconciliation mechanism,
making it more susceptible to such interference. In con-
trast, FWy,-q consistently outperforms both Ties-Merging
and Task Arithmetic by selectively merging only the most
relevant model parameters in each iteration. This targeted
approach effectively mitigates interference, leading to more
stable and robust performance across both discriminative
and generative tasks.

Vision Tasks. FWg.r: achieves state-of-the-art perfor-
mance across multiple vision benchmarks, surpassing data-
informed methods like Adamerging and Surgery. As shown
in Table 2, FWy, 4 surpasses Adamerging, Concrete Merg-
ing, and all data-free merging methods in overall perfor-
mance. Additionally, FWs.¢ attains the highest accuracy
(80.1%), outperforming Adamerging by 6.2% and Surgery

by 2.2%. Unlike Surgery, which requires additional task-
specific parameters and multiple forward passes per infer-
ence, our approach efficiently adapts to diverse visual tasks
without increasing storage or inference complexity.

In general, data-free merging methods show significantly
lower performance compared to data-informed approaches
while merging a large number of models, when the mod-
els’ capabilities do not precisely align with the evaluation
tasks. This limitation arises because data-free methods
treat all models equally, merging them without considering
their unique capabilities, which amplifies interference be-
tween models. In contrast, data-informed merging methods
achieve superior performance by optimizing merging coef-
ficients on datasets as they allow for explicit control over de-
sirable capabilities. FW-Merging, in particular, enhances
scalability via hard model selection based on the linear ap-
proximation minimization.

4.3. Comparison with Traditional MTL

We compare FW-Merging with models fine-tuned using
traditional MTL on discriminative and generative tasks.
In each case, one single model is fine-tuned across all
tasks, with performance and computational cost reported
in Table 1 and Table 4. Traditional MTL achieves an
average score of 77.2, lower than that of FW-Merging
(83.1). On discriminative tasks, MTL scores 73.1, trailing
FW-Merging (85.4). For generative tasks, MTL scores
81.2, while FW-Merging closely matches it at 80.8, sug-
gesting that FW-Merging’s performance matches that of
traditional MTL.

As shown in Table 4, FW—Merging demonstrates a
substantial advantage in efficiency. Traditional MTL re-
quires fine-tuning on 2.9K samples per task and takes 4.2
hours of training time, which is computationally inten-
sive. In contrast, FW-Merging only requires 100 train-
ing samples per task and completes the merging process
in just 2 minutes. This huge reduction in computational
cost underscores the effectiveness of FW-Merging com-
pared to traditional MTL. Moreover, FW-Merging has a
key advantage over traditional MTL: while MTL requires a



Table 3. Merging Methods’ Performance vs. Number of Models when Adding Relevant vs. Irrelevant Models.

4 CV Tasks 20 CV Tasks
#Models When "Irrelevant” Models Added When ”Relevant” Models Added
DARE Task Ties AM FWgost ‘ DARE Task Ties AM FWgost
4 73.6 703 657 175.2 74.1 57.3 59.2 60.2 59.6 59.2
6 64.1 64.1 644 74.6 73.9 54.0 584 616 64.0 63.2
8 48.5 571 636 734 74.0 48.2 572 639 64.7 64.5
10 40.6 529 629 1728 73.9 43.5 550 639 654 66.2
12 31.7 479 619 714 74.1 39.1 523 63.7 65.1 67.5
14 23.6 40.1 577 699 74.0 36.1 489 62.0 64.1 68.0
16 17.9 333 525 68.6 74.1 323 453 59.7 62.7 68.3
18 12.2 259 492 64.6 74.0 27.8 40.3 573 60.7 68.4
20 9.2 21.2 464 61.0 74.2 24.2 36.3 55.6 58.9 68.3
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Table 4. Costs and Perf. of methods on NLP discriminative tasks.

Method Data Samples/Task Time Cost Perf.
Traditional MTL 29K 4.2h 73.1
Data-free Merging 0 0 80.8
Data-informed Merging 1.6K 2min 79.5
FW Merging 100 2min 85.4

large volume of high-quality data for optimal performance,
FW-Merging needs only a small set of data because: 1) it
optimizes merging coefficients based on models’ character-
istics, which simplifies the optimization space, and 2) it uses
model weights as inputs, which are much more information-
dense representations than data, enabling more efficient ob-
jective learning.

FW-Merging is a post-training technique that does not
require access to original training data, making it ideal for
privacy-sensitive or data-scarce scenarios. Overall, the re-
sults suggest that FW-Merging is a scalable, efficient al-
ternative to traditional MTL, providing comparable perfor-
mance at a reduced computational cost.

4.4. Scaling to More Models and Tasks

We investigate the performance scaling of different
merging methods with the number of models, as shown in
Figure la, Figure 1b, and Table 3. In large-scale model
merging, models from open-source platforms vary in qual-
ity. To simulate this, we use 20 ViT-B/32 models fine-tuned
on tasks that are either included in the evaluation bench-
mark or not. A model is irrelevant if its fine-tuning dataset
does not match the training split of the evaluation task, and
relevant if it matches. To ensure fair comparison, the total
number of training iterations run by FW¢. is the same as
that of Adamreging.

As shown in Table 3, adding irrelevant models sharply
reduces the performance of data-free methods: DARE by
64.4%, Task Arithmetic by 49.1%, and Ties by 19.1%,
likely due to task interference and equal treatment of
all models. Data-informed methods degrade less, with
Adamerging dropping by 14.2%. In contrast, FWg,¢r re-
mains highly stable, fluctuating only from 73.9% to 74.1%
as more models are added. In Figure 3, we examine the
linear approximation of different checkpoints for a specific
task and find that the model fine-tuned on the task consis-



Table 5. Ablation on design variants of FW-Merging.

Coefficient \ Method LMO Score
Vision Tasks

Optimized FWgsorr Layer-wise  79.7
Optimized FWeort Task-wise 80.1
Unoptimized  FWg.re  Layer-wise  69.8
Unoptimized  FWgort Task-wise 70.3
- FWharq Layer-wise  74.0

- FWhara Task-wise 73.7

NLP Discriminative Tasks
- FWnarq Layer-wise  85.4
- FWnarg — Task-wise 78.2

tently yields the most negative linear approximation. This
indicates that in the Frank-Wolfe update, the most relevant
checkpoint is chosen as the direction for merging, allowing
FW-Merging to iteratively improve the merged model in
the optimized direction within the constraint set. The inner
product between gradients and model parameters serves as a
reliable indicator of model relevance, with minized compu-
tational cost, further demonstrating FW-Merging ’s scala-
bility even in the presence of irrelevant models.

Adding relevant models should ideally improve perfor-
mance, but data-free methods still degrade as shown in Ta-
ble 3: DARE by 33.1%, Task Arithmetic by 22.9%, and
Ties by 4.6%, with Ties performing best by mitigating pa-
rameter conflicts. Data-informed methods like Adamerg-
ing fluctuate between 58.9% and 64.7% as merging com-
plexity increases, whereas FW.¢+ steadily improves from
59.2% to 68.3% by iteratively selecting the most relevant
models, facilitating smoother convergence. These results
underscore FW-Merging ’s effectiveness as a scalable so-
lution for large-scale model merging.

4.5. Ablation Studies

Design variants. Table 5 compares the design variants of
FW-Merging (Section 3.3). Task-wise LMO aligns better
with FWg, ¢, improving performance slightly by 0.5 points
over layer-wise LMO, while layer-wise LMO is more ef-
fective for FWy .4, especially on language tasks, yielding
a 7.2-point gain. This is likely because FWs, ¢ Optimizes
layer-wise coefficients during merging, reducing the impact
of layer-wise selection.

FWsorr excels when merging a large number of models,
outperforming FW,,-q by up to 6.7 points. Its ability to
select multiple optimal directions per iteration allows it to
navigate the parameter space efficiently.

Optimizing merging coefficients A further improves per-
formance by up to 9.9 points, underscoring the importance
of weighting model parameters based on their relevance.

w
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[
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(a) Initial soluiton (b) Merging functions

Figure 4. Ablation on FW-Merging. (a) reports accuracies on the
vision benchmark, while (b) on vision and language benchmarks.

Initial solution. We examine the effect of initialization
on FW-Merging. An ideal initial solution should either
(1) be closer to the global optimum or (2) expand the con-
straint set with a more meaningful search space. As shown
in Figure 4a, initializing FW-Merging with the Adamerg-
ing result improves performance compared to starting from
the pre-trained model, likely because Adamerging is closer
to the optimal point. In contrast, task arithmetic leads to
worse performance than the pre-trained model, potentially
due to its poor performance on vision tasks (21.2%), sug-
gesting it starts further from the optimum. Consequently,
more FW iterations are required to achieve convergence.

Flexibility of merging functions. Although only a re-
stricted set of merging functions ensure that FW-Merging
remains within the convex hull, we demonstrate the flexi-
bility of FW-Merging by showing its ability to enhance
alternative merging functions. As shown in Figure 4b, ap-
plying FW-Merging with both Task Arithmetic and Ties-
Merging improves performance on NLP and vision tasks,
even though Ties-Merging does not necessarily stay within
the convex hull. This suggests that FW-Merging remains
effective across different merging functions.

5. Conclusion

In this work, we extend model merging to a more chal-
lenging setting where the merging pool consists of a large
number of black-box fine-tuned checkpoints. While exist-
ing methods require prior knowledge of model details to
achieve optimized performance, our proposed Frank-Wolfe
Merging (FW-Merging) scales effectively with a large
number of black-box models, iteratively refining the merged
model towards the optimal point defined by an objective
function. Experiments demonstrate that FW-Merging
achieves superior performance and scalability, paving the
way for next-generation model merging.

6. Acknowledgement

We thank the Department of Applied Mathematics at the
Hong Kong Polytechnic University for generously provid-
ing compute resources.



References

(1]

(2]

(3]

[4]

5]

(6]

(7]

(8]

(9]

[10]

(1]

Samuel K Ainsworth, Jonathan Hayase, Siddhartha Srini-
vasan, Khaled Saab, and Stefano Fusi. Git re-basin: Merg-
ing models modulo permutation symmetries. arXiv preprint
arXiv:2209.04836, 2022. 3

Lukas Bossard, Matthieu Guillaumin, and Luc Van Gool.
Food-101-mining discriminative components with random
forests. In Computer vision—-ECCV 2014: 13th European
conference, zurich, Switzerland, September 6-12, 2014, pro-
ceedings, part VI 13, pages 446—461. Springer, 2014. 13
Rich Caruana. Multitask learning. Machine learning, 28:
41-75,1997. 2

Sahil Chaudhary. Code alpaca: An instruction-following
llama model for code generation. https://github.
com/sahi1280114/codealpaca, 2023. 6, 13

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Hen-
rique Ponde de Oliveira Pinto, Jared Kaplan, Harri Ed-
wards, Yuri Burda, Nicholas Joseph, Greg Brockman, Alex
Ray, Raul Puri, Gretchen Krueger, Michael Petrov, Heidy
Khlaaf, Girish Sastry, Pamela Mishkin, Brooke Chan, Scott
Gray, Nick Ryder, Mikhail Pavlov, Alethea Power, Lukasz
Kaiser, Mohammad Bavarian, Clemens Winter, Philippe
Tillet, Felipe Petroski Such, Dave Cummings, Matthias Plap-
pert, Fotios Chantzis, Elizabeth Barnes, Ariel Herbert-Voss,
William Hebgen Guss, Alex Nichol, Alex Paino, Nikolas
Tezak, Jie Tang, Igor Babuschkin, Suchir Balaji, Shantanu
Jain, William Saunders, Christopher Hesse, Andrew N. Carr,
Jan Leike, Josh Achiam, Vedant Misra, Evan Morikawa,
Alec Radford, Matthew Knight, Miles Brundage, Mira Mu-
rati, Katie Mayer, Peter Welinder, Bob McGrew, Dario
Amodei, Sam McCandlish, Ilya Sutskever, and Wojciech
Zaremba. Evaluating large language models trained on code.
2021. 6, 13

Zhao Chen, Vijay Badrinarayanan, Chen-Yu Lee, and An-
drew Rabinovich. Gradnorm: Gradient normalization for
adaptive loss balancing in deep multitask networks. In In-
ternational conference on machine learning, pages 794-803.
PMLR, 2018. 3

Zhao Chen, Jiquan Ngiam, Yanping Huang, Thang Luong,
Henrik Kretzschmar, Yuning Chai, and Dragomir Anguelov.
Just pick a sign: Optimizing deep multitask models with gra-
dient sign dropout. Advances in Neural Information Process-
ing Systems, 33:2039-2050, 2020. 3

Gong Cheng, Junwei Han, and Xiaogiang Lu. Remote sens-
ing image scene classification: Benchmark and state of the
art. Proceedings of the IEEE, 105(10):1865-1883, 2017. 13
Mircea Cimpoi, Subhransu Maji, lasonas Kokkinos, Sammy
Mohamed, and Andrea Vedaldi. Describing textures in the
wild. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 3606-3613, 2014. 6,
13, 14

Tarin Clanuwat, Mikel Bober-Irizar, Asanobu Kitamoto,
Alex Lamb, Kazuaki Yamamoto, and David Ha. Deep
learning for classical japanese literature. arXiv preprint
arXiv:1812.01718,2018. 13

Adam Coates, Andrew Ng, and Honglak Lee. An analysis of
single-layer networks in unsupervised feature learning. In

10

(12]

(13]

(14]

[15]

[16]

(7]

(18]

(19]

(20]

(21]

(22]

(23]

[24]

Proceedings of the fourteenth international conference on
artificial intelligence and statistics, pages 215-223. JMLR
Workshop and Conference Proceedings, 2011. 13

Gregory Cohen, Saeed Afshar, Jonathan Tapson, and Andre
Van Schaik. Emnist: Extending mnist to handwritten letters.
In 2017 international joint conference on neural networks
(IJCNN), pages 2921-2926. IEEE, 2017. 13

Li Deng. The mnist database of handwritten digit images for
machine learning research [best of the web]. IEEE signal
processing magazine, 29(6):141-142, 2012. 13

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and Luke
Zettlemoyer. Qlora: Efficient finetuning of quantized 1lms.
Advances in Neural Information Processing Systems, 36,
2024. 3

Marguerite Frank, Philip Wolfe, et al. An algorithm for
quadratic programming. Naval research logistics quarterly,
3(1-2):95-110, 1956. 3

Ian J Goodfellow, Dumitru Erhan, Pierre Luc Carrier, Aaron
Courville, Mehdi Mirza, Ben Hamner, Will Cukierski,
Yichuan Tang, David Thaler, Dong-Hyun Lee, et al. Chal-
lenges in representation learning: A report on three ma-
chine learning contests. In Neural information processing:
20th international conference, ICONIP 2013, daegu, korea,
november 3-7, 2013. Proceedings, Part III 20, pages 117—
124. Springer, 2013. 13

Ian J Goodfellow, Oriol Vinyals, and Andrew M Saxe. Qual-
itatively characterizing neural network optimization prob-
lems. arXiv preprint arXiv:1412.6544,2014. 3

Patrick Helber, Benjamin Bischke, Andreas Dengel, and
Damian Borth. Eurosat: A novel dataset and deep learning
benchmark for land use and land cover classification. /EEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 12(7):2217-2226, 2019. 13

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-
Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu Chen.
Lora: Low-rank adaptation of large language models. arXiv
preprint arXiv:2106.09685, 2021. 3

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-
Zhu, Yuanzhi Li, Shean Wang, Lu Wang, Weizhu Chen, et al.
Lora: Low-rank adaptation of large language models. ICLR,
1(2):3,2022. 6

Hugging Face. Open LLM Leaderboard, 2024. Accessed:
March 4, 2025. 1

Gabriel Ilharco, Marco Tulio Ribeiro, Mitchell Wortsman,
Suchin Gururangan, Ludwig Schmidt, Hannaneh Hajishirzi,
and Ali Farhadi. Editing models with task arithmetic. arXiv
preprint arXiv:2212.04089, 2022. 1

Pavel Izmailov, Dmitrii Podoprikhin, Timur Garipov, Dmitry
Vetrov, and Andrew Gordon Wilson. Averaging weights
leads to wider optima and better generalization. arXiv
preprint arXiv:1803.05407,2018. 1, 3, 13

Junguang Jiang, Baixu Chen, Junwei Pan, Ximei Wang,
Dapeng Liu, Jie Jiang, and Mingsheng Long. Forkmerge:
Mitigating negative transfer in auxiliary-task learning. Ad-
vances in neural information processing systems, 36:30367—
30389, 2023. 2


https://github.com/sahil280114/codealpaca
https://github.com/sahil280114/codealpaca

[25]

[26]

[27]

(28]

(29]

(30]

(31]

(32]

(33]

[34]

(35]

(36]

(37]

(38]

(39]

Qiao Jin, Bhuwan Dhingra, Zhengping Liu, William Cohen,
and Xinghua Lu. Pubmedqa: A dataset for biomedical re-
search question answering. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language Process-
ing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), pages 2567-2577,
2019. 6, 13, 14

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei.
3d object representations for fine-grained categorization. In
Proceedings of the IEEE international conference on com-
puter vision workshops, pages 554-561, 2013. 6, 13, 14
Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple
layers of features from tiny images. 2009. 13

Simon Lacoste-Julien. Convergence rate of frank-wolfe for
non-convex objectives. arXiv preprint arXiv:1607.00345,
2016. 5

Simon Lacoste-Julien, Martin Jaggi, Mark Schmidt, and
Patrick Pletscher. Block-coordinate frank-wolfe optimiza-
tion for structural svms. In International Conference on Ma-
chine Learning, pages 53-61. PMLR, 2013. 6

Brian Lester, Rami Al-Rfou, and Noah Constant. The power
of scale for parameter-efficient prompt tuning. arXiv preprint
arXiv:2104.08691,2021. 3

Xiang Lisa Li and Percy Liang. Prefix-tuning: Optimiz-
ing continuous prompts for generation. arXiv preprint
arXiv:2101.00190, 2021. 3

Yixiao Li, Yifan Yu, Chen Liang, Pengcheng He, Nikos
Karampatziakis, Weizhu Chen, and Tuo Zhao. Loftq: Lora-
fine-tuning-aware quantization for large language models.
arXiv preprint arXiv:2310.08659, 2023. 3

Fuzhao Liu, Xiaotian Hu, Chengyu Chen, Zhijian Wang,
Shuxin Xiao, Zhen Wang, Zhongxiang Wang, Chuanxin Xie,
Eric Xing, and Song Han. Dare: Diversity-aware model
merging for sparse-to-dense mixture-of-experts.  arXiv
preprint arXiv:2402.10887, 2024. 3,4, 6

Liyang Liu, Yi Li, Zhanghui Kuang, J Xue, Yimin Chen,
Wenming Yang, Qingmin Liao, and Wayne Zhang. Towards
impartial multi-task learning. iclr, 2021. 3

Prateek Yadav Liu et al. Resolving interference when merg-
ing models. arXiv preprint arXiv:2306.01708, 2023. 3, 4
Shikun Liu, Edward Johns, and Andrew J Davison. End-
to-end multi-task learning with attention. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 1871-1880, 2019. 2

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar
Joshi, Dangi Chen, Omer Levy, Mike Lewis, Luke Zettle-
moyer, and Veselin Stoyanov. Roberta: A robustly optimized
bert pretraining approach. arXiv preprint arXiv:1907.11692,
2019. 6

Zhenyi Lu, Chenghao Fan, Wei Wei, Xiaoye Qu, Dangyang
Chen, and Yu Cheng. Twin-merging: Dynamic integration
of modular expertise in model merging. Advances in Neural
Information Processing Systems, 37:78905-78935, 2025. 6,
13

Jiaqi Ma, Zhe Zhao, Xinyang Yi, Jilin Chen, Lichan Hong,
and Ed H Chi. Modeling task relationships in multi-task
learning with multi-gate mixture-of-experts. In Proceed-
ings of the 24th ACM SIGKDD international conference

11

(40]

(41]

[42]

(43]

[44]

[45]

[40]

(47]

(48]

[49]

(50]

[51]

(52]

(53]

on knowledge discovery & data mining, pages 1930-1939,
2018. 3

Jiaqi Ma, Zhe Zhao, Jilin Chen, Ang Li, Lichan Hong, and
Ed H Chi. Snr: Sub-network routing for flexible parameter
sharing in multi-task learning. In Proceedings of the AAAI
conference on artificial intelligence, pages 216-223,2019. 3
Sadhika Malladi, Tianyu Gao, Eshaan Nichani, Alex
Damian, Jason D Lee, Danqi Chen, and Sanjeev Arora. Fine-
tuning language models with just forward passes. Advances
in Neural Information Processing Systems, 36:53038-53075,
2023. 3

Priyanka Mary Mammen. Federated learning: Opportunities
and challenges. arXiv preprint arXiv:2101.05428, 2021. 1
Michael S Matena and Colin A Raffel. Merging models with
fisher-weighted averaging. Advances in Neural Information
Processing Systems, 35:17703-17716, 2022. 13

Eric Mitchell, Kenton Lee, Alexander Khazatsky, Christo-
pher D Manning, and Chelsea Finn. Editing models with
task arithmetic. arXiv preprint arXiv:2212.04089, 2022. 3,
4,6,13

Ramesh Nallapati, Bowen Zhou, Caglar Gulcehre, Bing
Xiang, et al. Abstractive text summarization using
sequence-to-sequence rnns and beyond. arXiv preprint
arXiv:1602.06023, 2016. 6, 13

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bis-
sacco, Baolin Wu, Andrew Y Ng, et al. Reading digits in
natural images with unsupervised feature learning. In NIPS
workshop on deep learning and unsupervised feature learn-
ing, page 4. Granada, 2011. 13

Maria-Elena Nilsback and Andrew Zisserman. Automated
flower classification over a large number of classes. In 2008
Sixth Indian conference on computer vision, graphics & im-
age processing, pages 722-729. IEEE, 2008. 13

Omkar M Parkhi, Andrea Vedaldi, Andrew Zisserman, and
CV Jawahar. Cats and dogs. In 2012 IEEE conference on
computer vision and pattern recognition, pages 3498-3505.
IEEE, 2012. 13

Shraman Prakash, Rohit Girdhar, Devamanyu Hazarika,
Joao Carreira, and Andrew Zisserman. Unified model for
image, video, audio and language tasks. arXiv preprint
arXiv:2307.16184,2023. 3

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario
Amodei, Ilya Sutskever, et al. Language models are unsu-
pervised multitask learners. OpenAl blog, 1(8):9, 2019. 13
Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase, and
Yuxiong He. Zero: Memory optimizations toward training
trillion parameter models. In SC20: International Confer-
ence for High Performance Computing, Networking, Storage
and Analysis, pages 1-16. IEEE, 2020. 1
Sidak Pal Singh and Martin Jaggi.
els with fisher-weighted averaging.
arXiv:2111.09832,2021. 3

Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang,
Christopher D Manning, Andrew Y Ng, and Christopher
Potts. Recursive deep models for semantic compositional-
ity over a sentiment treebank. In Proceedings of the 2013
conference on empirical methods in natural language pro-
cessing, pages 1631-1642, 2013. 13

Merging mod-
arXiv preprint



[54]

[55]

[56]

[57]

(58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Johannes Stallkamp, Marc Schlipsing, Jan Salmen, and
Christian Igel. The german traffic sign recognition bench-
mark: a multi-class classification competition. In The 2011
international joint conference on neural networks, pages
1453-1460. IEEE, 2011. 6, 13, 14

Ximeng Sun, Rameswar Panda, Rogerio Feris, and Kate
Saenko. Adashare: Learning what to share for efficient deep
multi-task learning. Advances in Neural Information Pro-
cessing Systems, 33:8728-8740, 2020. 2, 14

Anke Tang, Li Shen, Yong Luo, Liang Ding, Han Hu, Bo
Du, and Dacheng Tao. Concrete subspace learning based
interference elimination for multi-task model fusion. arXiv
preprint arXiv:2312.06173,2023. 3,6, 13

Anke Tang, Li Shen, Yong Luo, Han Hu, Bo Du, and
Dacheng Tao. FusionBench: A Comprehensive Benchmark
of Deep Model Fusion, 2024. 13

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert,
Amjad Almahairi, Yasmine Babaei, Nikolay Bashlykov,
Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al.
Llama 2: Open foundation and fine-tuned chat models. arXiv
preprint arXiv:2307.09288, 2023. 6

Bastiaan S Veeling, Jasper Linmans, Jim Winkens, Taco Co-
hen, and Max Welling. Rotation equivariant cnns for digital
pathology. In Medical image computing and computer as-
sisted intervention—-mICCAI 2018: 21st international confer-
ence, granada, Spain, September 16-20, 2018, proceedings,
part I1I 11, pages 210-218. Springer, 2018. 13

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill,
Omer Levy, and Samuel R Bowman. Glue: A multi-task
benchmark and analysis platform for natural language un-
derstanding. arXiv preprint arXiv:1804.07461, 2018. 6, 13
Ke Wang, Nikolaos Dimitriadis, Guillermo Ortiz-Jimenez,
Francois Fleuret, and Pascal Frossard. Localizing task infor-
mation for improved model merging and compression. arXiv
preprint arXiv:2405.07813, 2024. 6, 13

Zirui Wang, Daniel Duckworth, Shashank Nag, Kshitij Patil,
Jonathon Shlens, Ekin D Cubuk, Barret Zoph, Joseph Camp-
bell, Mitchell Wortsman, and Google Brain. lo-fi: dis-
tributed fine-tuning without communication. arXiv preprint
arXiv:2210.11948,2022. 3

Yongxian Wei, Anke Tang, Li Shen, Feng Xiong, Chun
Yuan, and Xiaochun Cao. Modeling multi-task model merg-
ing as adaptive projective gradient descent. arXiv preprint
arXiv:2501.01230, 2025. 3

Mitchell Wortsman, Gabriel Ilharco, Samir Yitzhak Gadre,
Rebecca Roelofs, Raphael Gontijo-Lopes, Ari S Morcos,
Hongseok Namkoong, Ali Farhadi, Yair Carmon, Simon Ko-
rnblith, et al. Model soups: averaging weights of multiple
fine-tuned models improves accuracy without increasing in-
ference time. arXiv preprint arXiv:2203.05482, 2022. 3
Han Xiao, Kashif Rasul, and Roland Vollgraf. Fashion-
mnist: a novel image dataset for benchmarking machine
learning algorithms. arXiv preprint arXiv:1708.07747,2017.
13

Jianxiong Xiao, Krista A Ehinger, James Hays, Antonio Tor-
ralba, and Aude Oliva. Sun database: Exploring a large col-
lection of scene categories. International Journal of Com-
puter Vision, 119:3-22, 2016. 6, 13

12

[68]

[69]

(70]

[71]

(72]

(73]

Average Normalized Score

[67] Prateek Yadav, Derek Tam, Leshem Choshen, Colin A Raf-

fel, and Mohit Bansal. Ties-merging: Resolving interference
when merging models. Advances in Neural Information Pro-
cessing Systems, 36:7093-7115, 2023. 1,2, 6, 13

Enneng Yang, Li Shen, Guibing Guo, Xingwei Wang, Xi-
aochun Cao, Jie Zhang, and Dacheng Tao. Model merg-
ing in llms, mllms, and beyond: Methods, theories, ap-
plications and opportunities, 2024.  URL https://arxiv.
org/abs/2408.07666, 2408. 3

Enneng Yang, Zhenyi Wang, Li Shen, Shiwei Liu, Guibing
Guo, Xingwei Wang, and Dacheng Tao. Adamerging: Adap-
tive model merging for multi-task learning. arXiv preprint
arXiv:2310.02575,2023. 1, 2,3, 6, 13

Enneng Yang, Li Shen, Zhenyi Wang, Guibing Guo, Xiao-
jun Chen, Xingwei Wang, and Dacheng Tao. Representa-
tion surgery for multi-task model merging. arXiv preprint
arXiv:2402.02705,2024. 1, 3,6, 13

Jason Yosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson.
How transferable are features in deep neural networks? Ad-
vances in neural information processing systems, 27, 2014.
6

Jun Yu, Yutong Dai, Xiaokang Liu, Jin Huang, Yishan
Shen, Ke Zhang, Rong Zhou, Eashan Adhikarla, Wenx-
uan Ye, Yixin Liu, et al. Unleashing the power of multi-
task learning: A comprehensive survey spanning traditional,
deep, and pretrained foundation model eras. arXiv preprint
arXiv:2404.18961,2024. 1

Tianhe Yu, Saurabh Kumar, Abhishek Gupta, Sergey Levine,
Karol Hausman, and Chelsea Finn. Gradient surgery for
multi-task learning. Advances in neural information process-
ing systems, 33:5824-5836, 2020. 3

A. Data Efficiency
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Figure 5. Performance vs. #Data Samples.

As illustrated in Figure 5, FW-Merging outperforms all

other model merging methods in terms of performance. Its
performance also surpasses that of traditional MTL while
using less training data.



B. Experiment Details
B.1. Benchmarks

Discriminative Tasks. Following previous research [38],
10% of the training split is used as validation split, while
the original validation set is used as test set. We fine-tuned
8 RoBERTa on 8 tasks form the GLUE benchmark [60]:
QNLI, COLA, STS-B, QQP, SST-2, MRPC, MNLI, RTE.
For the evaluation benchmark, we use MNLI, QNLI, QQP,
and RTE.

Generative Tasks. We collected the following fine-tuned
LLaMA2-7B checkpoints from Hugging Face:

 Code Generation®
o Medical QA*
+ News Summarization’
» Commonsense Reasoning®
» Machine Translation’
* Natural Language Understanding®

For evaluation, we used the first 1,000 samples from
CNN/DM summarization [45], the full test set of Pub-
MedQA [25], and HumanEval [5]. Performance was mea-
sured using ROUGE scores for summarization, accuracy for
medical QA, and pass@]1 accuracy for code generation.

Vision Tasks. We use models fine-tuned on the same
20 tasks as [61]: KMNIST [10], EMNIST [12],
SVHN [46], GTSRB [54], FER2013 [16], DTD [9],
EuroSAT [18], MNIST [13], RenderedSST2 [50, 53],
Cars [26], PCAM [59], RESISC45 [8], FashionM-
NIST [65], SUN397 [66], CIFAR100 [27], Flow-
ers102 [47], Foodl01 [2], OxfordIlITPet [48], CI-
FAR10 [27], STL10 [11].

2’hztps ./ /huggingface .

co / arnavgrg / codealpaca

glora

4https : / / huggingface . co/ SanjanaR01l / medical
dialogue—summary—-1llama2-7b-peft-glora

Shttps : / / huggingface . co / ernlavr / 1lama2 _ 7bn
xsum—-cnn-lora—adapter

Shttps://huggingface.co/Styxxxx/llama2_7b_lora

piga

"https://huggingface.co/Styxxxx/llama2_T7b_lora-
wmtl6 _translate _roen, https:/ /huggingface . co/
Styxxxx / 1lama2 _ 7b _ lora - wmtl6 _ translate _ csen,
https://huggingface.

wmt1l6 _translate _ deen,

co/Styxxxx/llama2_T7b_1
https : co/
Styxxxx / 1lama2 _ 7b _ lora — wmtl6 _ translate _ fien,

ora
/ / huggingface .

co/Styxxxx/llama2_7b_lora-
https : / / huggingface .
Styxxxx/llama2_7b_lora-wmtl6_translate_tren
8https://huggingface.co/Styxxxx/1lama2_7b_lora-
wnli, https://huggingface.
lora—-sst2, https:
7o _lora

https://huggingface.

wmt1l6 _translate_ ruen, co/

co/Styxxxx/llama2_T7b_
//huggingface.co/Styxxxx/llama2_
co / Styxxxx /

snli, https://huggingface.

llama2 _ 7b _ lora - rte, https : / /huggingface . co/

Styxxxx/llama2_7b_lora—-qgnli, https://huggingface.

co/Styxxxx/llama2_7b_lora-cola
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B.2. Baselines

¢ Pre-trained: Employs a pre-trained model for each task
without adapting it to the downstream tasks.

* Individual: Fine-tunes distinct models for each task, pro-
viding the performance upperbound for task-specific per-
formance.

¢ Traditional MTL: Fine-tunes a single model on all tasks,
providing a baseline for multi-task learning.

* Weight Averaging [23]: Averages the weights of sepa-
rately fine-tuned models for different tasks, serving as a
simple baseline.

e Task Arithmetic [44]: Creates a multi-task vector by
adding individual task vectors, which are scaled by a co-
efficient (\) and incorporated into the pre-trained model’s
parameters.

* Fisher Merging [43]: Uses the Fisher information matrix
to determine the importance of model parameters, pre-
serving crucial parameters for each task.

» Ties-Merging [67]: Merges models by applying tech-
niques like pruning, parameter sign determination, and
separate merging to generate a merged task vector (7),
which is added to the original model’s parameters with a
scaling factor (\) tuned on a validation set.

* AdaMerging [69]: Adapts merging coefficients at either
the task or layer level by minimizing entropy over un-
labeled test data, using this as a surrogate objective for
model merging.

¢ Concrete Merging [56]: Utilizes a meta-learning frame-
work to generate a concrete mask that mitigates task in-
terference during the merging process.

* Representation Surgery [70]: Aligns the representation
of the merged model with those of the individual mod-
els while adjusting biases to ensure compatibility across
tasks.

We used Fusion Bench [57] for evaluation of the vi-
sion tasks. We follow the experiment setup provided there.
AdaMerging is run with the same setup as detailed in their
paper, with a learning rate of 0.001, momentum values of
(0.9, 0.999), a batch size of 16, and 500 iterations. Surgery
is applied to the merged model from AdaMerging.

B.3. Implementations

On language benchmarks, with the initial solution being the
merged model from task arithmetic, and FW; .4 is run for
10 iterations. On vision tasks, the initial solution is the
merged model from AdaMerging, and FWy,,4 runs for 3
iterations. For vision benchmarks, FW,¢¢ is run for 5 iter-
ations with the pre-trained model as the initial solution.
For the discriminative language benchmark, 100 data
samples from each of MNLI, QNLI, QQP, and RTE are
randomly selected as calibration datasets. For generative
language tasks, 100 samples are randomly drawn from the
training splits of CNN/DM [45], CodeAlpaca-20k [4], and


https://huggingface.co/arnavgrg/codealpaca-qlora
https://huggingface.co/arnavgrg/codealpaca-qlora
https://huggingface.co/SanjanaR01/medical-dialogue-summary-llama2-7b-peft-qlora
https://huggingface.co/SanjanaR01/medical-dialogue-summary-llama2-7b-peft-qlora
https://huggingface.co/ernlavr/llama2_7bn-xsum-cnn-lora-adapter
https://huggingface.co/ernlavr/llama2_7bn-xsum-cnn-lora-adapter
https://huggingface.co/Styxxxx/llama2_7b_lora-piqa
https://huggingface.co/Styxxxx/llama2_7b_lora-piqa
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_roen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_roen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_csen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_csen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_deen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_deen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_fien
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_fien
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_ruen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_ruen
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_tren
https://huggingface.co/Styxxxx/llama2_7b_lora-wmt16_translate_tren
https://huggingface.co/Styxxxx/llama2_7b_lora-wnli
https://huggingface.co/Styxxxx/llama2_7b_lora-wnli
https://huggingface.co/Styxxxx/llama2_7b_lora-sst2
https://huggingface.co/Styxxxx/llama2_7b_lora-sst2
https://huggingface.co/Styxxxx/llama2_7b_lora-snli
https://huggingface.co/Styxxxx/llama2_7b_lora-snli
https://huggingface.co/Styxxxx/llama2_7b_lora-rte
https://huggingface.co/Styxxxx/llama2_7b_lora-rte
https://huggingface.co/Styxxxx/llama2_7b_lora-qnli
https://huggingface.co/Styxxxx/llama2_7b_lora-qnli
https://huggingface.co/Styxxxx/llama2_7b_lora-cola
https://huggingface.co/Styxxxx/llama2_7b_lora-cola

PubMedQA [25]. For vision tasks, 100 samples from the
training splits of SUN397 [55], Stanford Cars [26], GT-
SRB [54], and DTD [9] are randomly selected.

B.4. Scaling Experiment Setups

For scaling experiments with irrelevant models, we evalu-
ate performance on SUN397 [55], Stanford Cars [26], GT-
SRB [54], and DTD [9]. The irrelevant models consist of
the vision models listed in Appendix B.1, excluding those
fine-tuned on these four tasks. For scaling experiments
with relevant models, we use all 20 vision tasks as evalu-
ation benchmarks, progressively adding the corresponding
fine-tuned models to the merging pool. We employ FWgo ¢t
for these scaling experiments. To ensure a fair compari-
son, FW-Merging optimizes the merging coefficients us-
ing entropy loss on test samples, similar to Adamerging.
Adamerging is run for 300 iterations in experiments with
irrelevant models and 200 iterations in those with relevant
models.
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