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Abstract

Vision-Language Models (VLMs) have demon-
strated remarkable proficiency in general multi-
modal understanding; yet they struggle to effi-
ciently acquire continually evolving domain-
specific skills. Conventional approaches to
enhancing VLM capabilities, such as Super-
vised Fine-Tuning (SFT), require extensive
dataset curation and substantial computational
resources. Model merging has emerged as an
efficient alternative that enables the transfer
of domain-specific expertise from Large Lan-
guage Models (LLMs) to VLMs without in-
curring additional training data requirements
or significant computational overhead. Unlike
conventional merging of homogeneous LLMs,
which mainly aggregates existing capabilities,
cross-modal skill injection aims to induce emer-
gent cross-modal capabilities by integrating a
domain-expert LLM into a VLM. However,
existing research lacks a systematic analysis
of the applicability and methodology of cross-
modal skill injection. In this study, we inves-
tigate cross-modal skill injection across three
main aspects: scenarios, methods, and hyper-
parameters. For scenarios, we find that cross-
modal skill injection generally performs well in
instruction-following and cross-lingual settings,
yet struggles with mathematical reasoning. For
methods, we find that classic approaches such
as TA and DARE consistently achieve superior
performance over alternative merging methods.
We also provide a systematic and quantitative
analysis of the hyperparameter tuning that these
classic methods critically depend on.

1 Introduction

Vision-Language Models (VLMs) have garnered
increasing attention for their ability to jointly pro-
cess and comprehend visual and textual informa-
tion (Alayrac et al., 2022; Li et al., 2023b; Liu
et al., 2024a). Despite strong general performance,
VLMs remain limited on specialized tasks such as

visual mathematical reasoning and multilingual un-
derstanding (Lu et al., 2024a; Zhang et al., 2024a).
Fine-tuning on specialized multimodal datasets
faces significant challenges despite being a preva-
lent strategy to enhance domain-specific capabil-
ities (Guo et al., 2025; Srinivasan et al., 2021).
First, fine-tuning VLMs requires substantial com-
putational resources. Although Parameter-Efficient
Fine-Tuning (PEFT) methods, such as LoRA and
QLoRA (Hu et al., 2022; Dettmers et al., 2023),
have effectively mitigated computational costs, ac-
quiring sufficient high-quality training data re-
mains a persistent bottleneck. High-quality vi-
sion datasets for specialized tasks are scarce, mak-
ing it necessary to laboriously construct balanced
datasets while considering factors such as data mix-
ing ratios and domain coverage (Li et al., 2025b).
Model merging offers a promising alternative for
integrating expert capabilities into VLMs without
extensive dataset construction or additional retrain-
ing (Ilharco et al., 2023; Yadav et al., 2023; Yu
et al., 2024). However, merging guidelines devel-
oped for homogeneous models may not apply to
cross-modal skill injection. First, cross-modal skill
injection is asymmetric: rather than combining
peer models symmetrically, it integrates a domain-
expert LLM into a VLM backbone. Second, while
homogeneous merging typically aims to aggregate
existing expertise, cross-modal skill injection fo-
cuses on enabling new cross-modal capabilities to
emerge. For example, merging a mathematics ex-
pert with a VLM could yield visual mathematical
reasoning capabilities, such as solving geometry
problems, that neither model previously possessed.
Despite its potential, cross-modal skill injection
remains underexplored. To establish comprehen-
sive guidelines for cross-modal skill injection, we
systematically investigate the transfer of expert
LLM capabilities to VLMs from three main as-
pects: scenarios, methods, and hyperparameters.
For scenarios, we examine three distinct set-
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Figure 1: Overview of our work investigating cross-modal skill injection across three dimensions: scenarios
(language ability, mathematical, instruction following), methods (classic, data-aware, and tuning-free merging),
and hyperparameters. Our findings reveal that classic methods consistently outperform alternatives, language
and instruction-following capabilities transfer more readily than mathematical reasoning, and we further provide
quantitative analysis of the hyperparameter optimization landscape.

tings: language ability, mathematical reasoning,
and instruction following. Our extensive exper-
iments across six benchmarks demonstrate that
VLMs can successfully inherit specialized capa-
bilities from expert LLMs in language ability
and instruction-following scenarios. However, we
observe that transferring mathematical reasoning
proves more challenging than transferring language
or instruction-following abilities.

For methods, we evaluate three categories of
model merging approaches. Our results show that
classic merging methods consistently yield supe-
rior performance. Certain tuning-free methods also
demonstrate surprisingly competitive performance;
for instance, NaN (Si et al., 2025) achieves the
second-best overall results.

For hyperparameters, since hyperparameter tun-
ing is essential for classic methods and constitutes
their primary practical cost, we conduct a thor-
ough analysis of the hyperparameter landscape.
The search space is low-dimensional but exhibits
slight multimodality. Our analysis identifies GP-
BO (Jones et al., 1998) as the most effective opti-
mizer, while local directional search methods, al-
though competitive in performance, are more vul-
nerable to local optima.

Our main contributions are as follows:

* Scenario Analysis. We systematically inves-
tigate three representative scenarios for cross-
modal skill injection: language ability, mathe-
matical reasoning, and instruction following,

providing insight into which scenarios are bet-
ter suited to cross-modal skill transfer.

* Method Comparison. We conduct a compre-
hensive evaluation of nine merging methods
across three categories (classic, data-aware,
and tuning-free) on six benchmarks, offer-
ing practical guidelines for method selection
based on available resources.

* Hyperparameter Analysis. We provide a
quantitative analysis of the hyperparameter
optimization landscape for classic merging
methods, comparing the effectiveness of dif-
ferent optimization strategies.

2 Preliminary

2.1 Model Merging Methods

Model merging is closely related to the notion of
task vectors (Ilharco et al., 2023), which views
the parameter change induced by fine-tuning as
a vector in parameter space that can encode task-
specific behavior. Formally, the task vector 7 is
defined as the difference between the parameters
of a fine-tuned expert LLM (Ofinetuned) and those of
the base model (Opae):

T = Ofinctuned — Obase (D

Task Arithmetic constructs the merged model by
adding a linear combination of these task vectors
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to the base model:

n
emerged = Opase + Z AiTi ()
=1

where n represents the number of models being
merged, and \; denotes the merging coefficient for
the ¢-th task vector.

Classic Merging. The approach of linearly com-
bining task vectors to yield a multi-skilled model
is known as Task Arithmetic (TA) (Ilharco et al.,
2023). In this paper, we refer to this method and
its variants, such as TIES (Yadav et al., 2023) and
DARE (Yu et al., 2024), as classic merging, char-
acterized by combining task vectors (or their vari-
ants) with tunable merging coefficients. In addi-
tion to model coefficients, some variants (Davari
and Belilovsky, 2024; Deep et al., 2024; Goddard
et al., 2024) introduce a density hyperparameter
to control the sparsity of task vectors. For in-
stance, TIES-Merging (Yadav et al., 2023) prunes
low-magnitude updates and resolves sign conflicts,
while DARE (Yu et al., 2024) employs random
sparsification followed by rescaling. These classic
merging methods typically rely on hyperparameter
tuning on in-domain validation data to identify the
optimal merging coefficient and, in some cases, the
density parameter.

Recent works have improved upon classic merg-
ing in two directions.

Data-Aware Merging. This line of work lever-
ages training data from each model’s capability
domain to refine the merging process. For instance,
Fisher Merging (Matena and Raffel, 2022) weights
parameters based on their task-specific importance
estimated from the empirical Fisher information,
while RegMean (Jin et al., 2023) reduces differ-
ences between the intermediate representations of
different models at each layer through closed-form
linear regression. Intuitively, by incorporating aux-
iliary training data, these approaches exploit richer
information and should yield better performance.
However, as we will show in Section 3, for cross-
modal skill injection, the empirical gains from data-
aware methods are often marginal, suggesting that,
in cross-modal scenarios, practitioners can safely
forgo the overhead of data collection without sacri-
ficing much performance.

Tuning-Free Merging. Tuning-free methods de-
rive merging recipes directly from model param-
eters, avoiding hyperparameter tuning and the

need for external data. One line of work trans-
forms task vectors through subspace operations.
WUDI (Cheng et al., 2025) exploits the observation
that, in a linear layer, task vectors approximately
span the corresponding input subspace, and car-
ries out merging in this subspace. TSV (Gargiulo
et al., 2024) constructs layer-wise low-rank sub-
spaces from the SVD of task matrices, and decorre-
lates singular directions before merging. Another
line of work estimates merging coefficients directly.
MetaGPT (Zhou et al., 2024) derives closed-form
scaling coefficients under the assumption of local
linearity and approximate task-vector orthogonal-
ity, while NAN (Si et al., 2025) estimates coeffi-
cient from inverse parameter norms. Overall, these
methods are plug-and-play and appealing when
data access is limited or tuning budgets are tight.

2.2 Cross-Modal Skill Injection

Similar to LLM merging, expert LLMs can be
merged into the language encoder backbone of a
VLM to transfer specialized capabilities, which we
refer to as cross-modal skill injection.

Formally, we define cross-modal skill injection
as follows: Given a VLM, denoted as M, =
(Evy Lpase)» where &, is the vision encoder, and
Lipase 1s the LLM backbone, our goal is to endow
M with domain-specific expert capabilities by
integrating a domain expert LLM L.,,,, without
modifying &, or requiring full finetuning of M ,,.
Specifically, we aim to construct a merged model

Mmerged = (gvy f(ﬁbasey ‘Cexp))

where f(-) denotes a merging algorithm that fuses
the parameters of the backbone and expert LLM:s.

Cross-modal skill injection inherits the core ad-
vantages of LLM merging: minimal training over-
head, rapid domain specialization, and indepen-
dence from large-scale datasets. However, it differs
fundamentally from conventional same-modality
LLM merging in its functional asymmetry. In cross-
modal skill injection, the VLM provides visual
grounding, while the expert LLM contributes spe-
cialized capabilities. Traditional LLLM merging
instead combines peer models with comparable
roles, primarily aiming to aggregate and preserve
capabilities within a shared modality.

Rather than merely combining existing skills,
cross-modal skill injection seeks to induce capabili-
ties that neither parent model possesses in isolation.
The resulting capability is emergent because the in-
jected textual expertise must become usable under
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visual input, rather than remaining a purely text-
side skill. Unlike same-modality merging, where
the combined capabilities remain within a single
representational space, cross-modal skill injection
requires the interaction between visual understand-
ing and textual expertise to arise through the merg-
ing process itself and result in a cross-modal ability.

Because cross-modal skill injection aims to in-
duce capabilities that arise only through the inter-
action between expert knowledge and visual un-
derstanding, it faces challenges beyond those in
conventional same-modality LLM merging. In spe-
cialized visual domains such as medical imaging,
legal document analysis, and scientific figure un-
derstanding, paired image-text data for validation
is often scarce or expensive to collect, which im-
poses tighter constraints on hyperparameter tuning.
Moreover, merging methods designed to reconcile
conflicts among peer models may be less effective
in this setting, because the LLM and VLM play
asymmetric roles rather than contributing compara-
ble capabilities within a shared modality.

3 Scenario and Methods for Cross-Modal
Skill Injection

In this section, we derive practical guidelines re-
garding which scenarios and merging strategies
are more suitable for cross-modal skill injection.
Specifically, we focus on three representative vi-
sual capability scenarios: language ability, mathe-
matical reasoning ability, and instruction-following
ability. These are among the most commonly
evaluated and practically relevant abilities in prior
work (Chen et al., 2025b; Yang et al., 2025).

Model Settings. We conduct experiments using
publicly available models from Hugging Face. Our
VLM cover a diverse set of architectures, including
Idefics2 (Laurencon et al., 2024), LLaVA with both
Mistral and LLaMA backbones (Liu et al., 2023b,a,
2024b), and Qwen2-VL (Wang et al., 2024). For
each scenario, we pair the VLM with a domain-
expert LLM that shares the same base architec-
ture. Specifically, for language understanding, we
use Mistral-7B-v0.3-Chinese-Chat and Llama-3-
ELYZA-JP-8B to inject Chinese and Japanese capa-
bilities, respectively. For mathematical reasoning,
we use the DART-Math series built on LLaMA and
Mistral backbones. For instruction following, we
pair Qwen2-VL with Qwen2-Instruct and Idefics2-
base with Mistral-7B-Instruct. Appendix A lists
the full checkpoint names and pairing.

Evaluation Settings. We employ six benchmarks
to evaluate the merged VLMs under different sce-
narios. For visual mathematical reasoning, we
use MathVista (math subset) (Lu et al., 2024a)
and MathVerse (Zhang et al., 2024c); for lan-
guage understanding with visual inputs, CMMMU
(Chinese) (Zhang et al., 2024a) and JMMMU
(Japanese) (Onohara et al., 2025); and for visual in-
struction following, MIA-Bench (Qian et al., 2025)
and WildVision (Lu et al., 2024b). For each bench-
mark, 20% of the samples are randomly held out
for hyperparameter tuning, while the remaining
80% are used exclusively for testing.

To estimate the cost of merging and hyper-
parameter tuning, we conduct experiments on a
single A800 GPU, utilizing the Python package
MergeKit (Goddard et al., 2024) for merging and
Imms-eval (Zhang et al., 2024b; Li et al., 2024) for
evaluation. The total cost is computed by summing
the GPU cost and the OpenAl API cost for evaluat-
ing the merged models. The reported total duration
includes both merging and evaluation time.

Methods Settings. We employ the three cat-
egories of merging methods introduced in Sec-
tion 2.1; further details on hyperparameter set-
tings and calibration data are provided in the
Appendix C. (1) Classic merging methods (Task
Arithmetic, DARE, TIES-Merging): We perform
grid search over VLM and LLM coefficients
in {0.1,0.3,0.5,0.7,0.9}; for methods requir-
ing a density parameter, we additionally search
over {0.2,0.4,0.6,0.8}. (2) Data-aware methods
(Fisher, RegMean): We use 500 calibration sam-
ples drawn from corresponding domain-specific
datasets. Specifically, the VLM is calibrated
on a vision-instruction dataset (LLaVA-Instruct-
150K) (Liu et al., 2023b,a, 2024b), while the ex-
pert LLM is calibrated on scenario-matched text
data: Alpaca-Zh for Chinese (Cui et al., 2024),
Japanese-Alpaca-Data for Japanese (fujiki, 2023),
Competition-Math mixed with GSM8K for math-
ematical reasoning (Lightman et al., 2023; Cobbe
et al., 2021), and Dolly-15K for instruction follow-
ing (Conover et al., 2023). (3) Tuning-free methods
(WUDI, TSV, MetaGPT, NaN): These methods can
be applied without additional hyperparameter tun-
ing or reliance on external data.

Finding 1: Cross-modal skill injection is
more effective for transferring language and
instruction-following abilities than for transfer-
ring reasoning and mathematical abilities. As
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Method | CMMMUJMMMU|| MathVista (math) | MathVerse || MIA-Bench |  WildVision |

g

| Mistral LLaMA || Mistral LLaMA | Mistral LLaMA || Qwen2 Idefics2 | Qwen2 Idefics2 |

TA 25.0124 421157 || 26.711.4  29.2934 | 17.1119 15.001.1 || 76.1143.1 75.9166.1 | 50.1134.0 22.8119.0 |38.0
DARE 28.5159 39.012.6 || 29.013.7 30.6148 | 16.1109 17.0109 || 75.4142.4 74.3164.5|47.5131.4 19.9116.1 |37.7
TIES 274148 409145 || 23. 7016 27.1113 | 14.5]07 153108 || 74.7141.7 76.3166.5 | 45.1129.0 23.3119.5 |36.8
Fisher 253127 36.0004 || 22.3130 32.416.6 | 159107 13.9/22 || 68.6135.6 78.3168.5| 23.117.0 23.3119.5 [33.9
RegMean | 28.1155 40.5t4.1 || 27.111.8  26.0t0.2 | 17.912.7  16.00.1 || 69.1136.1  4.9149 |26.4+103 2.3/15 |25.8
WUDI 254128 35.6/08 || 24.8105 29.413.6 | 11.3139 16.210.1 || 66.8133.8 5.3045 | 25.4193 3.110.7 [24.3
TSV 24.0t1.4  38.311.9 || 23.501.8 29.7139 | 16.010.8 15.3108 || 54.8121.8 72.4162.6| 15.2109 16.5112.7 |129.9
MetaGPT | 28.1155 37.110.7 || 18.4169 25.3105 | 12.3/29 15.4107 || 60.6127.6 76.1166.3 | 36.3120.2 22.9119.1 |33.3
NaN 26.513.9 40.5t4.1 || 23.701.6  29.413.6 | 17.312.1  17.0109 || 73.8140.8 73.0163.2 | 47.8131.7 21.5117.7|37.1
Base VLM| 22.6 364 || 253 258 | 152 161 | 330 98 | 16.1 3.8 204

Table 1: Performance comparison across merging methods, datasets, and models, with average scores computed for
each method. Colored deltas indicate improvement (green) or degradation (red) relative to the base VLM. Bold:
best; underline: second best. Key observations: (1) language and instruction-following abilities show substantial
improvements, while mathematical reasoning remains challenging; (2) classic methods (TA, DARE) achieve the

best overall performance, and NaN offers a competitive tuning-free alternative.

shown in Table 1, the most substantial improve-
ments are observed in language and instruction-
following benchmarks, with average gains of 3.4
and 28.1 absolute points, respectively. Instruc-
tion following is particularly favorable for merging,
as such capabilities are largely modality-agnostic,
enabling effective transfer to base VLMs. No-
tably, merging Idefics2-base with an instruction-
following LLM expert achieves over 70 on MIA-
Bench, surpassing the fine-tuned Idefics2 (56.4).

In contrast, mathematical ability transfer yields
much smaller and less consistent gains. On Math-
Vista, no significant improvement is observed on
the full benchmark (see Appendix E); even on the
math-specific subset, the average gain is only 1.05
absolute points. On MathVerse, more than half of
the merging configurations are detrimental. Over-
all, DARE is the only method that yields consistent
improvements in mathematical scenarios, while
more than 40% of merged models are unable to
outperform the original VLM.

One plausible explanation of less effective merg-
ing outcomes in math scenario is that visual math-
ematical reasoning is a highly entangled capabil-
ity, demanding simultaneous coordination of visual
perception (e.g., reading diagrams) and multi-step
logical reasoning. Such entwinement may be diffi-
cult to reconstruct through simple parameter-space
interpolation. Moreover, although some mathe-
matical reasoning skills do transfer, these gains are
often offset by degraded visual understanding. This
interpretation is supported by the full MathVista
breakdown (see Appendix E): merging with a math-

finetuned LLM often modestly improves the “Math”
subset while hurting the more perception-heavy
“General” subset. Concretely, merged models be-
come better at reasoning-heavy questions such as
“Find the length of AC in the isosceles triangle
ABC,” yet lose accuracy on visually dependent
questions such as “Does Aqua have the minimum
area under the curve?”

Finding 2: Classic merging methods consis-
tently outperform other approaches with supe-
rior stability. NaN offers a viable low-cost option
for preliminary exploration, though with mod-
est performance trade-offs. Among all merging
methods, classic merging yield the strongest and
most stable results (Table 1). Task Arithmetic out-
performs TIES on average, while DARE demon-
strates the best consistency, being the only method
that yields consistent improvements across all sce-
narios. These methods do require domain-specific
visual-text data and hyperparameter tuning (Ta-
ble 2), yet this investment consistently translates
into superior performance.

For data-aware merging methods, RegMean
achieves better results than Fisher while also be-
ing more efficient, as it requires only activation
information without gradient computation. Reg-
Mean even achieves the highest accuracy among
all methods on the MathVerse benchmark, though
its overall average still falls short of classic merging
methods and NaN.

Among tuning-free methods, which require nei-
ther additional data nor hyperparameter tuning,
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NaN stands out as the most effective. While its
performance is slightly inferior and less stable com-
pared to classic methods, NaN serves as a practical
low-barrier entry point, enabling practitioners to
quickly gauge whether model merging is promis-
ing for a new scenario before committing to more
resource-intensive hyperparameter search. More-
over, NaN is among the most efficient approaches:
along with MetaGPT, it is the least time-intensive
and consumes only a fraction of WUDI and TSV’s
total computing time while surpassing their accu-
racy (see Appendix G). This combination of mini-
mal overhead and reasonable performance makes
NaN particularly well suited for rapid feasibility
assessment in unfamiliar domains.

In summary, classic merging methods remain
the gold standard when accuracy and stability are
paramount, provided that domain visual data is
available and hyperparameter tuning is feasible.
For scenarios requiring quick preliminary explo-
ration with minimal overhead, NaN offers a rea-
sonable first-pass solution to assess merging poten-
tial before deeper investment. When domain text
data is accessible, RegMean is preferable to Fisher,
though its results may not match classic methods
or NaN despite the additional cost.

Dataset Total cost (dollars)  Total Duration
CMMMU 2040.21 29h 36m 17s
IMMMU 1976.88 29h 43m 15s
MathVista 1644.35 24h 13m 26s
MathVerse 3599.98 45h 49m 2s

Miabench 2008.87 19h 14m 30s
Wildvision 8044.11 45h Om 22s

Table 2: Average cost and duration of hyperparameter
tuning for DARE on each dataset using an A800 GPU,
highlighting the substantial computational overhead of
the optimization process.

4 Analysis of Hyperparameter
Optimization Landscape and Strategies

As discussed in Section 3, hyperparameter-tuning
merging methods consistently achieve strong re-
sults, but they can be time-consuming and resource-
intensive. Therefore, it is essential to provide guide-
lines for effective hyperparameter tuning.

4.1 Revisiting the Sum-to-One Constraint

Existing approaches often constrain the sum of
merging coefficients to 1 (Chen et al., 2025a). How-
ever, this constraint is largely intuitive and lacks

Scenario TA DARE TIES
S=1 S=1|S=1 S=1|5=1 S~=1

CMMMU | 0 0 0 0 0 0
JMMMU | 36 0 36 0 09 09
MVis-L 0 0 0 0 0 0
MVis-M 0 0 26 26 0 0
MV-L3 53 0 78 26 |15 0
MV-M 2.7 0 13 0 | 45 45
MIA-I2 1.5 15|33 13 0 0
MIA-Q2 | 12 O 0 0 1.9 0
WV-12 25 0 19 81| 13 13
WV-Q2 0 0 5.7 0 13 0

Table 3: Relative regret (%) under constrained search
spaces. Restricting the coefficient sum S to approx-
imately 1 leads to substantial performance degrada-
tion in certain scenarios (e.g., WildVision). S=~1:
S € [0.8,1.2]. Abbreviations—MYV: MathVerse, MVis:
MathVista, MIA: MIA-Bench, WV: WildVision; L3:
LLaMA3, M: Mistral, 12: Idefics2, Q2: Qwen2.

empirical validation. Our experiments reveal that
while the sum-to-one constraint proves effective
in most scenarios, it can lead to substantial perfor-
mance degradation in others.

Let S := AvLm + ALLm denote the sum of merg-
ing coefficients. To investigate whether restricting
the search space around S = 1 suffices to identify
the optimal hyperparameters, we introduce the no-
tion of relative regret. Specifically, we first identify
the global optimum over the full coefficient grid
obtained in Section 3, then compute the best achiev-
able performance when the search is restricted to
S = 1lorS € [0.8,1.2]. The relative regret is
defined as the percentage of performance degrada-
tion relative to the global optimum caused by the
restricted search space.

As shown in Table 3, restricting the search to
S == 1 can be suboptimal. In certain scenarios such
as WildVision and MathVerse, the S = 1 constraint
leads to substantial performance degradation, with
relative regret as high as 25%, and relaxing S to
[0.8,1.2] provides only limited mitigation. While
most other cases exhibit regret within 5% under
the S = 1 constraint, and often drop to zero when
the search space is relaxed to S € [0.8,1.2], the
existence of such high-regret cases demonstrates
the need for a broader search space.

4.2 Benchmarking Hyperparameter
Optimization Algorithms

The demand for comprehensive hyperparameter
search is significant, particularly when the optimal
merging coefficients do not adhere to the S = 1
constraint. Given that the evaluation cost of merged
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models is substantial, employing a sample-efficient
hyperparameter optimization algorithm is crucial
to minimize the number of trials. In this section,
we evaluate the performance of various hyperpa-
rameter optimization algorithms in the context of
cross-modal skill injection.

Optimization Algorithms. To ensure a com-
prehensive evaluation of the optimization land-
scape, we consider a diverse spectrum of derivative-
free algorithms. We include Random Search and
Sobol Sequences (Sobol, 1967), the latter provid-
ing low-discrepancy quasi-random coverage, as
reference methods. Beyond these, we evaluate
CMA-ES (Hansen and Ostermeier, 2001), which
adapts its sampling covariance during evolution,
and GP-BO (Jones et al., 1998), which fits a
Gaussian process surrogate to guide the search.
We also examine direct-search methods (Kolda
et al., 2003), including Pattern Search (Torczon,
1997), a coordinate-descent variant, and Powell’s
Method (Powell, 1964), which relies on sequential
line searches. Comparing these local direct-search
methods with global optimizers (e.g., GP-BO) al-
lows us to more thoroughly examine whether the
hyperparameter landscape contains multiple local
optima: a substantial performance gap would sug-
gest that greedy search methods can easily become
trapped in suboptimal regions of the search space.

Evaluation Metric. We measure tuning perfor-
mance using the normalized regret after k evalua-
tions, defined as

r = Ymax — g*(k))
9max — Ymin

where gmax and gniy denote the global maximum
and minimum of the objective function, respec-
tively, and ¢g*(k) is the best objective value ob-
served within the first k£ evaluations. The normal-
ized regret satisfies 7, € [0, 1], with r = 0 indi-
cating that the global optimum has been found.

To compare the effectiveness of different opti-
mization algorithms, we report regret-over-random
(RoR), defined as

method

RoR;, = &

random ’
r

which normalizes each method’s regret by that of
Random Search. This ratio eliminates the influence
of varying optimization difficulty across datasets,

RoR

funy

Random  Sobol PS Powell CMA-ES GP-BO

Figure 2: Distribution of regret-over-random (RoR)
across optimization algorithms. Values below 1 indi-
cate better performance than random search. GP-BO
achieves the lowest median RoR, demonstrating supe-
rior sample efficiency. Pattern Search shows competitive
mean performance but also high variance across runs
due to sensitivity to initialization.

allowing for direct comparison: RoRj; < 1 in-
dicates the method outperforms Random Search,
while RoRj > 1 indicates underperformance.

Experimental Setup. We set the evaluation bud-
get k to balance computational cost and search
effectiveness: k = 40 for Task Arithmetic, which
involves two hyperparameters, and k = 60 for
TIES and DARE, which involve three. All optimiz-
ers employ a multi-start strategy, restarting from
a new random initial point upon convergence or
local budget exhaustion until the total budget is
depleted. To ensure fair comparison and reduce
variance from random initialization, we conduct
10 independent runs per optimizer with different
random seeds and report averaged results.

All hyperparameter searches are conducted on
the validation set. The optimization trajectories
on the validation and test sets exhibit strong agree-
ment, with normalized regret decreasing consis-
tently on both as the search progresses. (See Ap-
pendix H) This close correspondence justifies our
use of the validation set as a low-cost proxy, avoid-
ing the prohibitive expense of repeated test-set eval-
uations while preserving the reliability of our con-
clusions.

4.2.1 Comparison of Optimization Algorithms

Among all methods evaluated, Gaussian Pro-
cess Bayesian Optimization (GP-BO) consistently
achieves the lowest median regret-over-random
(Figure 2), showing the strongest sample efficiency
for model merging across our evaluations.

Pattern Search attains competitive mean perfor-
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Figure 3: Regret-over-random (RoR) heatmap across
optimization algorithms, scenarios and merging meth-
ods. Lower values (blue) indicate better performance.
Instruction-following tasks show larger gaps between
local and global methods.

mance but exhibits high variance across runs. As a
local search method that greedily descends along
coordinate directions, it is prone to converging to
local optima, and its sensitivity to initialization
reflects the presence of multiple local optima in
the hyperparameter landscape. Nevertheless, its
strong average performance suggests that while
the objective surface is non-convex, the number
of local optima remains limited and their quality
is relatively high, rendering the space reasonably
tractable despite lacking a unique global optimum.
CMA-ES shows limited effectiveness in our ex-
periments, as it is designed for higher-dimensional
problems with larger evaluation budgets. In our
low-dimensional setting with only 2-3 hyperparam-
eters and 40-60 evaluations, CMA-ES cannot com-
plete enough generations for its covariance matrix
adaptation to converge, and its population-based
sampling is less efficient than the sequential, model-
guided search used by GP-BO. Powell’s method,
another gradient-free local optimizer, shows per-
formance broadly comparable to that of Pattern
Search, but its overall results are slightly weaker.

4.2.2 Optimization Landscape Across Tasks
and Merging Methods

We further analyze how optimization difficulty
varies with the combination of merging method
and target task, as shown in Figure 3.

Across Task Domains. Instruction-following
tasks are harder to optimize with local methods
than mathematical and language tasks. For mathe-
matical and language tasks, local methods (Pattern
Search, Powell) achieve performance comparable
to global optimizers (GP-BO, CMA-ES). In con-
trast, for instruction-following tasks, local methods
suffer significant degradation while global methods

remain unaffected, suggesting the presence of local
optima that trap greedy searches.

Across Merging Methods. Among the three
merging methods, Task Arithmetic is the easiest
to optimize, followed by DARE, with TIES being
slightly more challenging. Task Arithmetic benefits
from a two-dimensional search space that requires
fewer optimization rounds, making it straightfor-
ward to optimize in absolute terms, despite some
degradation observed with local methods. DARE,
although involving three hyperparameters, exhibits
a smooth optimization landscape where local meth-
ods still achieve competitive performance. TIES
presents somewhat more difficulty, with Powell’s
method suffers notable performance degradation.

5 Related Work

VLM Domain Adaptation While supervised
fine-tuning (SFT) can adapt VLMs to specific
domains such as medicine and mathematics (Li
et al., 2023a; Shi et al., 2024), it remains resource-
intensive and time-consuming. Parameter-efficient
fine-tuning (PEFT) offers an economical alterna-
tive by training only a small subset of parameters,
such as adapters, LoRA, or soft prompts, while
keeping pretrained weights frozen (Hu et al., 2022;
Dettmers et al., 2023; Sung et al., 2022). However,
PEFT still requires substantial curated image—text
pairs, which can be expensive to obtain or scarce
in specialized domains. In contrast, cross-modal
skill injection (discussed in this paper) offers a
promising alternative that efficiently transfers spe-
cialized capabilities without requiring large-scale
vision data or incurring extra training overhead.

VLM Merging With the growing prominence
of VLMs, model merging has been extended from
purely language-based settings to multimodal con-
texts. Most existing work focuses on VLM-to-
VLM merging, whether under homogeneous or
heterogeneous backbones, exploring techniques
such as uncertainty-guided selection, module-level
recipes, fine-grained parameter splicing, and cross-
architecture alignment (Qu et al., 2025; Zhu et al.,
2025; Dai et al., 2025; Du et al., 2025).

More closely related to our work is the
VLM-LLM merging paradigm, where a domain-
specialized LLM is merged into a VLM backbone
to induce cross-modal capabilities. Chen et al.
(2025a) inject reasoning abilities into VLMs and
investigate how perception and reasoning are dis-
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tributed across layers. Jiang et al. (2026) integrate a
code-specialized LLM with a VLM to enable mul-
timodal code generation. Li et al. (2025a) merge
text-based reward models into VLMs to construct
vision-language reward models that preserve the
original preferences.

However, these prior efforts remain task-specific
(targeting reasoning, code, or reward modeling)
and do not systematically examine when cross-
modal skill injection succeeds, which merging
methods are most effective, or how sensitive per-
formance is to hyperparameter choices. In contrast,
we present a comprehensive study across diverse
scenarios, merging methods, and hyperparameter
choices within a unified framework.

6 Conclusion

We systematically investigate cross-modal skill in-
jection for transferring expert LLM capabilities to
VLMs. Our experiments reveal that language and
instruction-following abilities transfer effectively,
while mathematical reasoning remains challenging.
Among merging methods, classic merging (i.e., TA,
DARE) achieves the best performance, and NaN
offers low-cost tuning-free exploration. GP-BO
proves most effective for hyperparameter optimiza-
tion. Our findings provide practical guidelines for
efficient cross-modal model merging.

Limitations

Due to computational resource constraints, our
study focuses exclusively on visual-language
modalities and does not extend to other modalities
such as audio or video. We leave the investiga-
tion of cross-modal skill injection across a broader
range of modalities to future work.

Risks and Ethical Considerations

This work is primarily methodological and does
not involve user data or deployment in high-stakes
decision-making. We do not identify significant
direct risks. We encourage future work to assess
downstream fairness, privacy, and safety impacts
in application-specific settings.
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Appendix
A The models used in experiments

Table 4 summarizes the models used in our experi-
ments across different scenarios. For each scenario,
we pair a VLM with a domain-expert LLM that
shares the same base architecture. Specifically,
for language understanding tasks, we select Chi-
nese (Mistral-7B-v0.3-Chinese-Chat) and Japanese
(Llama-3-ELYZA-JP-8B). For mathematical rea-
soning, we use the DART-Math series, which are
LLaMA and Mistral models fine-tuned on mathe-
matical problem-solving data. For instruction fol-
lowing, we pair Qwen2-VL with Qwen2-Instruct,
and Idefics2-base with Mistral-7B-Instruct. All
models are publicly available on Hugging Face.

B Hyperparameters Used

Table 5 details the hyperparameter configurations
in Section 3 for each merging method. Clas-
sic merging methods (Task Arithmetic, DARE,
TIES) require tuning merging coefficients for both
the VLM and expert LLM components. We
perform grid search over coefficient values in
{0.1,0.3,0.5,0.7,0.9}. For DARE and TIES,
which incorporate sparsification, we additionally
search over density values in {0.2,0.4,0.6,0.8}.
This results in 25 configurations for Task Arith-
metic and 100 configurations for DARE and TIES.
Data-aware methods (Fisher and RegMean) and
tuning-free methods (WUDI, TSV, MetaGPT, NaN)
do not require hyperparameter search, as they ei-
ther derive merging weights from data statistics or
compute them directly from model parameters.

C Calibration Data for Data-Aware
Methods

For data-aware merging methods (Fisher and Reg-
Mean), we use 500 calibration samples randomly
drawn from the corresponding dataset (i.e., for
merging between base VLMs and math expert
LLMs, we calibrate the VLM on a vision dataset
and the math expert LLM on a textual mathemat-
ical reasoning dataset, respectively). The specific
data sources for each scenario are as follows (all
datasets can be downloaded from HuggingFace):

* Vision Perception: liuhaotian/LLaVA-Ins-
truct-150K, a large-scale visual instruction tun-
ing dataset. (Liu et al., 2023b,a, 2024b)

* Language (Chinese): hfl/alpaca_zh_51k,
a Chinese instruction-following dataset trans-
lated and adapted from the original Alpaca
dataset. (Cui et al., 2024)

* Language (Japanese): fujiki/japanese_al-
paca_data, a Japanese version of the Alpaca
dataset for instruction tuning. (fujiki, 2023)

* Mathematical Reasoning: qwedsacf/compe-
tition_math, a subset of challenging mathe-
matical problems requiring multi-step reasoning,
combined with openai/gsm8k. We mix the two
datasets in a 50/50 ratio and shuffle the sam-
ples. (Lightman et al., 2023; Cobbe et al., 2021)

* Instruction Following: databricks/databri-
cks-dolly-15k, a high-quality
instruction-following dataset created by
Databricks. (Conover et al., 2023)

D Scaling Results Across Model Sizes

Our main experiments focus on 7B—8B models.
This choice is primarily motivated by the current
availability of compatible VLM-LLM pairs for
cross-modal skill injection: the expert LLM and
the VLM backbone must share the same base ar-
chitecture, and publicly available pairs satisfying
this constraint are predominantly concentrated in
this size range.

To examine whether our findings generalize be-
yond this scale, we conduct additional experiments
on the Qwen?2 family at 2B, 7B, and 72B scales.
We evaluate NaN, our recommended tuning-free
method, on instruction following, and Task Arith-
metic (TA), one of our recommended classic meth-
ods, on mathematical reasoning. These results sup-
port two observations across model sizes: (1) cross-
modal skill injection consistently improves over
the corresponding base VLM, and (2) the gains on
mathematical reasoning remain markedly smaller
than in other scenarios.

Table 6 shows that for instruction following on
MIA-Bench, cross-modal skill injection yields sub-
stantial gains at every scale. The merged models
improve over the base VLM by 29.6 points at 2B,
40.8 points at 7B, and 36.0 points at 72B.

Table 7 shows that for mathematical reasoning
on the MathVista math subset, improvements also
persist across all three scales, but remain much
smaller: 0.46 points at 2B, 2.53 points at 7B, and
0.92 points at 72B. Taken together, these results
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Scenario Expert LLM VLM

Laneuage shenzhi-wang/Mistral-7B-v(.3-Chinese-Chat llava-hf/llava-v1.6-mistral-7b-hf
guag elyza/Llama-3-ELYZA-JP-8B Imms-lab/llama3-llava-next-8b
Math hkust-nlp/dart-math-1lama3-8b-prop2dift Imms-lab/llama3-llava-next-8b
hkust-nlp/dart-math-mistral-7b-prop2diff Ilava-hf/llava-v1.6-mistral-7b-hf
Instruction Following . Qw§n/Qwen2-7B-Instruct .Qwen/Qwer.12-VL-7B
mistralai/Mistral-7B-Instruct-v0.1 HuggingFaceM4/idefics2-8b-base

Table 4: Expert LLMs and VLMs used in our experiments across different scenarios. Each VLM is paired with a
domain-expert LLM that shares the same base architecture.

Category Algorithm Hyperparameters

Task Arithmetic vl_weight € {0.1,0.3,0.5,0.7,0.9}
exp_weight € {0.1,0.3,0.5,0.7,0.9}

DARE vl_weight € {0.1,0.3,0.5,0.7,0.9}
exp_weight € {0.1,0.3,0.5,0.7,0.9}

Classi .
assic merging density € {0.2,0.4,0.6,0.8}

TIES vl_weight € {0.1,0.3,0.5,0.7,0.9}
exp_weight € {0.1,0.3,0.5,0.7,0.9}
density € {0.2,0.4,0.6,0.8}

Data-aware Fisher Merging n/a
RegMean n/a
WUDI n/a
Tuning-free TSV n/a
MetaGPT n/a
NaN n/a

Table 5: Overview of merging algorithms and their hyperparameter tuning spaces. Classic merging methods require
tuning merging coefficients, while data-aware and tuning-free methods operate without hyperparameter tuning.
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show that the two core patterns identified in our
main experiments remain stable across model sizes:
merging is beneficial across scales, while mathe-
matical reasoning is consistently harder to transfer
than instruction-following ability.

Scale Base VLM  Merged (NaN) Gain
2B 29.3 58.9 +29.6
7B 33.0 73.8 +40.8
72B 55.5 91.5 +36.0

Table 6: Scaling results on MIA-Bench. Cross-modal
skill injection with NaN improves instruction-following
performance across Qwen2 model sizes.

Scale Base VLM  Merged (TA) Gain
2B 36.32 36.78 +0.46
7B 50.80 53.33 +2.53
72B 60.46 61.38 +0.92

Table 7: Scaling results on the MathVista math subset.
Cross-modal skill injection with Task Arithmetic im-
proves mathematical reasoning across Qwen2 model
sizes, but the gains are modest.

E Full Results on MathVista

Table 8 presents the complete results on the Math-
Vista benchmark, including the full benchmark as
well as its General and Math subsets. On the Math
subset, several merging methods achieve small
gains over the base VLM, indicating that some
mathematical reasoning ability can indeed be in-
jected. For example, RegMean reaches the highest
Math-subset score among merged models (27.13
versus 25.29 for the base VLM). However, these
gains do not reliably translate to the full benchmark:
most merged models underperform the base VLM
overall, and even the best merged result remains
only comparable.

This gap between the Math subset and the
full benchmark provides a plausible explanation
for why mathematical transfer remains difficult.
The General subset depends more heavily on vi-
sual perception and fine-grained visual discrimi-
nation, whereas the Math subset more directly re-
wards symbolic and multi-step reasoning. Merg-
ing a math-specialized LLM therefore appears to
strengthen reasoning-heavy behavior while simulta-
neously perturbing perception-related capabilities
in the VLM. This interpretation is consistent with
the main-text observation that mathematical reason-
ing can transfer, but the gains are often offset by

degraded visual grounding, making mathematical
reasoning more challenging.

Method Overall General Math
TA 34.75 44.38 26.67
DARE 36.12 48.22 25.98
TIES 32.25 41.10 24.83
Fisher 29.88 38.90 22.30
RegMean 30.88 35.34 27.13
WUDI 30.38 36.99 24.83
MetaGPT 20.88 23.84 18.39
NaN 29.62 36.71 23.68
Base VLM 36.00 48.77 25.29

Table 8: Performance on MathVista across subsets. Best
results among merging methods are in bold.

F Qualitative Examples

Here we provide several qualitative examples to
help readers better understand the model’s capabil-
ities before and after merging.

Instruction following: Merging substantially
improves instruction-following performance. In
the MIA-Bench example shown in Table 9, the
model is given an image of a party room and asked
to describe the atmosphere using two adjectives
and suggest a possible event type. The base VLM
gives only a brief response (“social and lively”) and
does not suggest an event type, whereas the merged
VLM produces a more detailed answer with well-
chosen adjectives (“elegant” and “lively”) and pro-
poses plausible event types such as a corporate
party, product launch, or networking event.

Math: As discussed in the main paper and sup-
ported by the full MathVista results in Appendix E,
merging often yields modest improvements on the
reasoning-heavy “Math” subset while hurting the
perception-heavy “General” subset. This suggests
that mathematical reasoning does transfer, although
some of the gains are offset by degraded visual un-
derstanding. In our MathVista evaluation, merged
models perform better on reasoning-intensive ques-
tions such as “Find the length of AC in the isosce-
les triangle ABC,” which the base model fails to
answer correctly, yet they can lose the ability to
answer visually dependent questions such as “Does
Aqua have the minimum area under the curve?”
The examples in Table 10 illustrate this pattern.
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Example 1: Qwen2-VL-72B in instruction-following

Input. Give an analysis of the atmosphere

conveyed in the picture using two adjectives, and

suggest what type of event it might be.

Base VLM. “The atmosphere of the image is social and lively.”
Score: Component 1: 4/4; Component 2: 2/3; Component 3: 0/3; Total:
6/10. The response provides two adjectives but does not suggest an event

type.

Merged VLM. “The atmosphere conveyed in the picture can be described
as elegant and lively. The room is decorated with white tablecloths, candles,
and a projector screen, giving it a sophisticated feel. At the same time,
the colorful lighting and the presence of people mingling suggest a festive
atmosphere. This type of event could be a corporate party, a product launch,
or a networking event.”

Score: Component 1: 4/4; Component 2: 3/3; Component 3: 3/3; Total:
10/10. The response uses exactly two adjectives (“elegant” and “lively”)

and suggests plausible types of events, satisfying all requirements.

Table 9: A example from MIA-Bench. The reasoning process of the judge model is summarized. The merged model
follows the compositional instruction more completely than the base VLM by both selecting two suitable adjectives
and inferring plausible event types from the scene.

Example 2: Qwen2-VL-72B in mathematical reasoning

Merged incorrect

Merged correct

Example A: Visual comparison failure

Aqua
— Periwinkle
- - Dark Red

Medium Seafoamr =71 ==
16 ] == DarkOrchid

yaxis_label

Question. Does Aqua have the
minimum area under the curve?

Gold: No

Base VLM. B. No (Correct)

Merged VLM. A. Yes (Wrong)
Interpretation: This question is
perception-heavy: the model must
compare multiple plotted curves, and the
merged model still fails on this visually
judgment.

Example B: Simple function reading

Question. Is f(3) > 0?

Gold: Yes

Base VLM. B. No (Wrong)

Merged VLM. A. Yes (Correct)
Interpretation: Once the graph is
localized correctly, the remaining step is
a simple sign judgment; the merged
model handles this reasoning step better.

Example C: Geometric reasoning gain

Ix—1 B

A
4x+1 5x—05

Cc

Question. Find the length of AC in the
isosceles triangle ABC.

Gold: 7

Base VLM. C (Wrong)

Merged VLM. B. 7 (Correct)
Interpretation: The figure provides the
setup, but the core difficulty is algebraic
reasoning from the isosceles constraint,
where merging is beneficial.

Table 10: Math examples for Qwen2 (72B). The merged model improves on reasoning-centric math questions such
as function-value judgment and geometric inference, but it can still fail on perception-heavy visual comparison. This
supports our claim that some mathematical reasoning transfers, while visually understanding remains a bottleneck.
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G Efficiency Comparison of Merging
Methods

Table 11 reports the per-configuration merge time
measured on a single A800 GPU under the Chinese
ability injection setup, with Llava as the base VLM
and a Mistral model fine-tuned on Chinese data
as the expert LLM. For classic methods, we use
MergeKit (Goddard et al., 2024); for the remaining
methods, we use our own implementations. Ac-
tual runtime may vary with implementation details
and, for data-aware methods, with the size of the
calibration dataset.

At the per-configuration level, classic methods
and NaN are the most efficient, each requiring only
a little over three minutes. MetaGPT also remains
in the low-cost regime, although it is slightly slower
due to its more complex computation. By contrast,
subspace-based tuning-free methods such as WUDI
and TSV incur substantially higher overhead, as
they require additional subspace construction and
transformation. Data-aware methods are more ex-
pensive still, because they must compute statistics
from calibration data rather than derive merged
weights directly from model parameters.

It is important to distinguish per-configuration
cost from end-to-end cost, which also includes hy-
perparameter tuning. As shown in Table 2, clas-
sic methods still require substantially more total
time to reach their best results because they rely on
searching over multiple configurations.

Method Merge Time (s)
Classic
TA 196.529
DARE 195.360
TIES 194.995
Data-aware
Fisher 9461.564
RegMean 3489.240
Tuning-free
WUDI 1085.351
TSV 2676.234
MetaGPT 259.845
NaN 195.667

Table 11: Per-configuration merge time of different
methods under the Chinese ability injection setting.
Classic methods and NaN are the most efficient, with
MetaGPT being slightly slower; WUDI and TSV are
intermediate; data-aware methods are the slowest.

H Validation-Test Consistency Analysis

To validate the reliability of using validation sets
for hyperparameter optimization, we analyze the
correlation between optimization trajectories on the
validation and test sets (based on the grid described
in Appendix B). Figure 4 illustrates the normalized
regret curves for DARE across CMMMU dataset.

DARE - Random Search Regret (val vs test)
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Figure 4: Normalized regret curves for validation and
test sets across hyperparameter configurations. The
closely aligned trajectories indicate that validation-
based optimization effectively generalizes to unseen
test data.

The optimization trajectories exhibit strong
agreement between validation and test sets across
all scenarios. As the number of evaluations in-
creases, normalized regret decreases consistently
on both sets, with the validation set serving as a
faithful proxy for test performance.

This close correspondence justifies our exper-
imental design: by conducting hyperparameter
search exclusively on the 20% validation split, we
avoid the prohibitive expense of repeated test-set
evaluations while maintaining the reliability of our
conclusions.

I Surrogate Model Fidelity Analysis

Running a comprehensive Hyperparameter Opti-
mization (HPO) benchmark across multiple opti-
mizers, datasets, and merging methods is computa-
tionally expensive and would incur substantial API
cost if every trial were evaluated directly. We there-
fore approximate the hyperparameter landscape
with a surrogate based on Radial Basis Function
(RBF) interpolation, which provides a continuous
and query-efficient proxy for the true evaluation
process.

To assess fidelity, we perform Leave-One-Out
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Cross-Validation (LOOCYV). For each dataset—
method pair, we randomly withhold one interior
grid point (excluding boundary points), fit the RBF
surrogate on the remaining points, and measure the
prediction error on the held-out point. We repeat
this process 20 times with different random seeds
and report Root Mean Square Error normalized by
the metric range (RMSE %).

Table 12 shows that RMSE is below 10% for
most settings and remains mostly within 10-20%
otherwise. This suggests that the surrogate captures
the global structure of the merging landscape well.
In higher-RMSE cases, it mainly smooths local
noise or sharp fluctuations while preserving broad
trends such as the location of the main optimum
basin. This level of fidelity is sufficient for our
goal of comparing optimizers by their ability to
find strong regions of the landscape rather than fit
every local irregularity.

Dataset DARE TA TIES
CMMMU 9.27 7.77 15.99
JIMMMU 6.96 18.79 8.72
MV-L3 17.42 14.75 9.24
MV-M 9.55 17.53 14.06
MVis-L 10.25 20.35 11.36
MVis-M 11.15 16.69 11.91
MIA-I2 4.58 5.63 7.65
MIA-Q2 4.60 11.37 4.45
WV-12 7.62 11.47 12.22
WV-Q2 8.26 13.16 4.58

Table 12: Interpolation RMSE (%) for the surrogate
model, averaged over 20 runs using a leave-one-out pro-
tocol. DARE refers to DARE-Linear. Lower values
indicate higher fidelity. Even higher values (~15%) are
acceptable as they reflect a smoothing of local noise
while preserving global landscape structure. Abbrevia-
tions—MYV: MathVerse, MVis: MathVista, MIA: MIA-
Bench, WV: WildVision; L3: LLaMA3, M: Mistral, L:
LLaMA, 12: Idefics2, Q2: Qwen2.
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