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Abstract

Merging multiple Low-Rank Adaptation
(LoRA) experts into a single backbone is a
promising approach for efficient multi-task
deployment. While existing methods strive to
alleviate interference via weight interpolation
or subspace alignment, they rest upon the
implicit assumption that all LoRA matrices
contribute constructively to the merged model.
In this paper, we uncover a critical bottleneck
in current merging paradigms: the existence of
negative modules—specific LoRA layers that
inherently degrade global performance upon
merging. We propose Evolutionary Negative
Module Pruning (ENMP), a plug-and-play
LoRA pruning method to locate and exclude
these detrimental modules prior to merging.
By leveraging an evolutionary search strategy,
ENMP effectively navigates the discrete,
non-differentiable landscape of module
selection to identify optimal pruning configura-
tions. Extensive evaluations demonstrate that
ENMP consistently boosts the performance
of existing merging algorithms, achieving a
new state-of-the-art across both language and
vision domains. Code is available at https://
github.com/CaoAnda/ENMP-LoRAMerging.

1 Introduction

Model merging has gained prominence as a scal-
able paradigm for integrating multiple fine-tuned
models into a unified backbone without the pro-
hibitive costs of retraining. Task Arithmetic (TA)
(Ilharco et al., 2023) laid the groundwork for this
field by conceptualizing parameter differences as
steerable task vectors. Subsequent advancements,
such as TIES-Merging (Yadav et al., 2023), have re-
fined this approach by resolving sign conflicts and
pruning redundant parameters. Beyond element-
wise aggregation, recent efforts (Choi et al., 2025;
Gargiulo et al., 2025; Marczak et al., 2025) have
pivoted toward the spectral properties of models,
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utilizing Singular Value Decomposition (SVD) to
harmonize parameter-space conflicts. While these
methods make significant advancements for effi-
cient multi-task deployment, they are largely de-
signed for full-parameter fine-tuning.

However, the landscape of model adaptation is
shifting alongside the rapid scaling of neural net-
works (OpenAl et al., 2024; Dubey et al., 2024;
Yang et al., 2025). As full-rank fine-tuning be-
comes computationally unsustainable, Parameter-
Efficient Fine-Tuning (PEFT) (Houlsby et al., 2019;
Li and Liang, 2021; Lester et al., 2021; Hu et al.,
2022) has emerged as the preferred alternative.
Among these, LORA (Hu et al., 2022) is particularly
dominant due to its minimal parameter footprint
and robust convergence properties (Dettmers et al.,
2023; Zhang et al., 2023). With the widespread
adoption of LoRA, a single backbone is often re-
quired to serve multiple tasks (Wei et al., 2022;
Sanh et al., 2022), resulting in a rapidly growing
number of task-specific adapters. Consequently,
merging these diverse LoRA experts into a sin-
gle, cohesive model has become highly attractive
for practical deployment. Unfortunately, conven-
tional merging algorithms, which were originally
designed for full-parameter adaptations, frequently
struggle to account for the unique structural and
low-rank constraints inherent to LoRA-adapted
models (Stoica et al., 2025).

Specifically within the LoRA context, prior
works such as KnOTS (Stoica et al., 2025) and
CoreSpace (Panariello et al., 2025) attribute merg-
ing failures to subspace misalignment among inde-
pendently trained adapters. To mitigate this, they
project disparate adapters into a shared subspace to
enforce compatibility. While effective at resolving
geometric misalignment, these methods rest upon
the idealized assumption that every LoRA module
(i.e., the low-rank adaptation matrices) contributes
constructively to the merging performance. In con-
trast, our empirical study, as shown in Figure 1,
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Figure 1: Not all LoORA modules are constructive for merging. In this
empirical study, we perform a leave-one-out analysis by removing a single
LoRA module at a time and merging the rest via Task Arithmetic (TA).
The heatmap visualizes the change in average normalized performance of
Llama-3-8B across 6 Natural Language Inference (NLI) tasks relative to
the baseline (full merge). Red regions indicate a performance improvement
regions indicate a performance drop.

after pruning, while

uncovers a counter-intuitive phenomenon: remov-
ing the entire module in a specific layer from a
task-specific LoORA can yield a performance gain
in the merged model. This suggests that certain
modules act as negative modules, which exacer-
bate interference rather than contributing beneficial
task-specific information. Identifying and pruning
these detrimental modules is therefore a critical
prerequisite for effective model merging.

However, identifying the optimal subset of mod-
ules for pruning presents a formidable challenge,
as the impact of a module on merging perfor-
mance is interdependent: a module characterized
as “negative” within the full set may become con-
structive once some detrimental modules are re-
moved, and vice versa. This conditional depen-
dency leads to a complex optimization landscape.
Consequently, the greedy strategy, which evaluates
and prunes modules independently, fails to cap-
ture higher-order interactions, resulting in signifi-
cant performance degradation (Figure 2). Further-
more, the search space for the pruning mask suf-
fers from a combinatorial explosion, yielding 2V
possible states for N modules, which renders ex-
haustive search computationally intractable. In this
work, we propose an evolutionary search approach,
termed Evolutionary Negative Module Pruning
(ENMP), to efficiently explore the configuration
space and locate the optimal pruning mask that
maximizes collective performance. By enabling
the precise pruning of negative modules, ENMP
effectively boosts the performance of existing meth-
ods, achieving a new state-of-the-art.

To summarize, our contributions are as follows:

Improvement

TA 90.25

Greedy - 55.76

TA+ENMP 93.49

127 129 131 40 50 60 70 80 90 100
Average Normalized Acc (%)

Figure 2: Limitations of Greedy
Pruning. The Greedy strategy re-
moves all modules that appear detri-
mental (as suggested in Fig. 1). How-
ever, this approach ignores cross-
layer dependencies, resulting in a de-
graded accuracy of 55.76%.

* We unveil the phenomenon of negative
modules and demonstrate that pruning them
effectively alleviates task interference.

* We propose ENMP, a plug-and-play LoRA
pruning method to locate and exclude these
detrimental modules prior to merging.

* Extensive evaluations across language and
vision domains demonstrate that ENMP
consistently boosts the performance of
existing merging algorithms.

2 Related Work
2.1 Model Merging

Model merging aims to integrate multiple models
independently fine-tuned on different tasks into a
single unified model without additional training (Il-
harco et al., 2023). The field has evolved from sim-
ple weight averaging to sophisticated techniques
that manipulate task-specific updates. Task Vec-
tors (Ilharco et al., 2023) established the foundation
by demonstrating that weight differences support
arithmetic operations for steering model behavior.
Building on this, subsequent approaches focus on
mitigating interference among conflicting parame-
ters. TIES-Merging (Yadav et al., 2023) resolves
sign conflicts and prunes insignificant updates,
while DARE (Yu et al., 2024) and Model Bread-
crumbs (Davari and Belilovsky, 2024) exploit the
parameter redundancy in fine-tuned models to en-
able aggressive sparsification without performance
loss. Beyond element-wise manipulation, spec-
tral methods such as TSV (Gargiulo et al., 2025),
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Figure 3: Overview of the proposed framework. The upper part illustrates the optimization loop based on
evolutionary strategies (e.g., CMA-ES). Latent variables {z;} are sampled from a evolving Gaussian distribution
N (9, (009)2C(9)) and converted into binary pruning masks via mapping and reshaping operations. The lower
part details the Pruning & Merging process: the pruning mask m is applied to the LoRA adapters to prune negative
modules. The remaining adapters are aggregated using existing merging methods (e.g., TIES, DARE) to form the
final merged model. The evaluation performance is used to update the distribution parameters iteratively.

Iso-C (Marczak et al., 2025), and CART (Choi
et al., 2025) leverage low-rank properties and sin-
gular value alignment to further reduce interfer-
ence. While effective for full-rank fine-tuned mod-
els, these techniques often exhibit instability or
suboptimal performance when directly applied to
LoRA-adapted models (Tang et al., 2024).

2.2 LoRA Merging

Existing approaches for merging LoRA models
can be categorized based on whether they re-
quire specialized training strategies. Tang et al.
(2024) attribute the merging difficulty to increased
weight-entanglement and proposes a specialized
fine-tuning method involving partial linearization.
In contrast, KnOTS (Stoica et al., 2025) presents
a gradient-free framework that performs post-hoc
alignment of low-rank subspaces using SVD. Build-
ing on this, CoreSpace (Panariello et al., 2025)
further optimizes the paradigm to ensure no infor-
mation loss. However, these methods implicitly
assume that all modules contribute constructively,
neglecting the impact of negative modules. To ad-
dress this, our proposed ENMP departs from the

full-retention assumption by introducing an evolu-
tionary search to prune negative modules.

3 Methodology

Figure 3 illustrates the proposed ENMP framework.
Following the preliminaries (Sec. 3.1), we detail the
pruning formulation (Sec. 3.2) and the optimization
process via evolutionary search (Sec. 3.3).

3.1 Preliminaries

Low-Rank Adaptation (LoRA). Let Wy €
Réuxdin denote the weight matrix of a dense layer
in a pre-trained backbone model. Standard full-
rank fine-tuning updates the entire weight matrix,
which is computationally expensive and memory-
intensive. LoRA (Hu et al., 2022) hypothesizes
that the weight updates have a low intrinsic rank
and parameterizes the update AW by decompos-
ing it into two low-rank matrices B € R%«*" and
A € R™n where r < min(diy, doy). The for-
ward pass is given by:

h=Wyx+ AWx = Wyx+ BAx. (1)
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In the context of LoRA merging, we consider T’
diverse tasks. Each task ¢t € {1,...,T} is asso-
ciated with a specific LoORA update AW,. The
collection of these task-specific updates is denoted
asT ={AWy,...,AWr}.

Model Merging. Given the set of task-specific
experts 7 defined above, the goal of model merg-
ing is to combine them into a single unified model
W erged» Which is capable of handling all tasks si-
multaneously without retraining. A widely adopted
formulation, such as Task Arithmetic (Ilharco et al.,
2023), computes the weighted sum of task vectors:

T
Wmerged = WO +A Z AWta (2)
t=1

where ) is a global scaling coefficient that controls
the strength of the merged updates.

3.2 Merging with Negative Module Pruning

Given the set of LoRA updates 7 defined above,
standard approaches typically perform a global ag-
gregation across all parameters. We posit that this
unselective full aggregation introduces negative
modules—specific layers from certain task LoRAs
that induce incompatibility and degrade global per-
formance when included. Conversely, removing
these modules can recover the model’s capabilities.

To implement this, we propose to augment the
merging process with a selective pruning mecha-
nism. Let L denote the number of Transformer
layers in the backbone. We define the fundamental
pruning unit as the aggregation of LoRA updates
for query, key, value, and output projections within
a layer, treating them as an indivisible whole to
preserve the internal semantic consistency of the
attention mechanism. Consequently, the total num-
ber of pruning units is N = L x T'. We introduce
a binary pruning mask m € {0,1}/*7 where
my; = 1 indicates that the corresponding LoRA
module (g_proj, k_proj, v_proj, out_proj) at
layer [ from task ¢ is removed.

We formally define the merging process with
module pruning using a generic aggregation func-
tion ®(-). Let SO(m) = {AW" | my, = 0}
denote the set of retained LoRA modules for layer
[ based on the pruning mask m (where 1 indicates
pruned). The merged weight is formulated as:

Wyp(m) = W) + 1 @ (S(l)(m)> e

Specifically, we define Task Arithmetic with mod-
ule pruning as:

Pra-ENMP (S(l)(m)> => AW @)
AW eSO (m)

Our objective is to find the optimal pruning mask
m* that maximizes the collective performance
across all tasks. Let D,,; represent the validation
data and M(-) be a comprehensive performance
metric (e.g., normalized average accuracy). The
optimization problem is formulated as:

m* = argmax M (Wgnmp(m);Dygr) - (5)
me{0,1}£xT

3.3 Evolutionary Search with CMA-ES

Directly searching for the binary pruning mask m
in Eq. (§) is computationally intractable due to
the combinatorial explosion of the discrete search
space (2/V). More importantly, the decision to
prune a specific module is not independent; it heav-
ily relies on the presence or absence of other mod-
ules (i.e., cross-layer couplings). To address these
issues, we propose to formulate the pruning task as
a search problem within a continuous latent space.
We employ the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) (Hansen, 2016) as
our optimizer. We select CMA-ES specifically for
its capability to model the dependencies between
decision variables via a covariance matrix, which
allows it to capture the complex interactions be-
tween LoRA modules that greedy methods over-
look. For clarity and reproducibility, the detailed
pseudocode is provided in Appendix A.

Latent Variable & Mask Mapping. Since CMA-
ES operates on continuous one-dimensional vec-
tors, we first represent the discrete pruning mask
as a flattened vector m* ¢ {0,1}". To bridge
the gap between the continuous search space and
our discrete objective, we introduce a latent vector
z € RV, where each scalar entry Zj serves as a
learnable negativity score for the j-th module. In
this formulation, a higher z; signifies a stronger ten-
dency for the corresponding module to be pruned.

To translate this continuous score z into the bi-
nary pruning mask, we apply a dynamic thresh-
olding strategy controlled by a maximum pruning
ratio k € [0,1). Let Nprune = |k - V] denote the
budget for allowed removals. We define /C as the
set of indices corresponding to the Ny largest
elements in z. The pruning mask vector mf is
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derived by:

e _ {1 ifjeKandz; >0 o
0 otherwise

This mapping ensures that the optimization al-
gorithm can explore the continuous landscape of
module interference while producing valid discrete
masks, which are subsequently reshaped back to
the L x T grid for the physical pruning process
described in Section 3.2.

Conservative Initialization. We initialize the
mean vector of the CMA-ES population to a uni-
form value of —1 (i.e., u(®) = —1). Since our map-
ping requires z; > 0 to trigger pruning, this neg-
ative initialization ensures that the search begins
from the fully merging state (where all m; ; = 0).

Search Process. The optimization proceeds iter-
atively over GG generations. In each generation g,
the algorithm executes three key steps:

» Sampling: We generate a population of N,
candidate latent vectors {21, ...,zn,,, } from
a multivariate normal distribution:

z; ~ N9, (09)2C9)) i =1,..., Nyop,
(N
where p(9) represents the current estimate of
the optimal negativity scores, (9 is the step
size, and C@) e RV*N g the covariance ma-
trix determining the geometric shape and vari-
able dependencies of the search distribution.

 Evaluation: For each candidate z;, we gener-
ate the binary mask m; via Eq. (6). We then
construct the merged model Wgnvp(m;)
and evaluate its fitness (e.g., validation
normalized accuracy) to obtain a score M.

* Update: The candidates are sorted by their fit-
ness scores. The mean p(911) is updated via
a weighted average of the top-performing can-
didates. Simultaneously, the step-size o971
and covariance matrix C9*1) are adapted to
control the exploration magnitude and capture
the dependencies between modules.

This ability to model variable correlations allows
ENMP to navigate the complex, non-separable
landscape of module interference.

Final Model Construction & Complexity. We
track the candidate latent vector zp.g that achieves

the highest fitness score throughout the evolution-
ary process. Upon convergence or exhaustion of
the generation budget, the optimal binary mask is
derived as m* = Mapping(Zpes). The final unified
model is constructed by applying this mask to the
merging formulation in Eq. (3):

Wiinal = Wenmp(m*) = Wo + A - @ (S(m")) .
(®)
Notably, this optimization process represents a
one-time offline cost. The merged model retains the
identical architectural footprint as the original pre-
trained model, incurring zero additional inference
overhead in terms of latency or memory usage.

4 Experiments

4.1 Experimental Setup

Benchmarks and Metrics. To ensure fair com-
parison and reproducibility, we follow the experi-
mental protocols established in prior studies (Sto-
ica et al., 2025; Panariello et al., 2025), conducting
evaluations across two domains: Natural Language
Processing (NLP) and Computer Vision (CV).

For the NLP benchmark, we focus on 6 Natural
Language Inference (NLI) tasks: SNLI (Bowman
et al., 2015), MNLI (Williams et al., 2018),
SICK (Marelli et al., 2014), QNLI (Wang et al.,
2018), RTE (Wang et al., 2018), and SciTail (Khot
et al., 2018). For the CV benchmark, we use 8
image classification datasets: Cars (Krause et al.,
2013), DTD (Cimpoi et al., 2014), EuroSAT (Hel-
ber et al.,, 2019), GTSRB (Stallkamp et al.,
2011), MNIST (LeCun and Cortes, 2010),
RESISC45 (Cheng et al., 2017), SUN397 (Xiao
et al., 2016), and SVHN (Netzer et al., 2011).

To account for the varying difficulty levels across
diverse tasks, we adopt Normalized Accuracy as
our primary evaluation metric. This metric cali-
brates the merged model’s performance relative to
the single-task experts, ensuring a balanced com-
parison. For completeness, the detailed absolute
accuracy scores for all individual tasks are reported
in Appendix D. Formally, for a given task ¢, let

Acc(t)

merged
and Accg?pert be the accuracy of the single-task ex-

pert. The normalized accuracy is defined as:

denote the accuracy of the merged model

(t)
Acc
merged ) (9)

Acc(t)

expert

NormAcc® =

This metric reflects how well the merged model
retains task-specific capabilities relative to the ded-
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Method SNLI MNLI SICK QNLI RTE SciTail Avg. A
TA 93.60 95.29 88.00 68.73 99.19 96.69 90.25 -
TA + ENMP 95931028 94.3210.43 91.591:78 80.401060 101.341046 97.371+0.13 93.491026 +3.24
TIES 94.86 96.71 80.79 71.54 100.00 96.00 89.99 -
TIES + ENMP 96.571027 98.2310.63 92731081 9495067 99.4640.47 96.3910.42 96.39.0.45 +6.40
DARE 94.50 96.87 77.68 72.44 97.58 96.15 89.20 -
DARE + ENMP 96.091058 97771071 92341066 94941074 98.66.1 23 97221026 96171014 +6.97
TSV 95.37 95.13 88.85 76.82 101.61 97.56 92.56 -
TSV + ENMP 96.451075 94.491070 944041221 92191057 100.00+1.40 97.581028 95.85i037 +3.29
KnOTS 89.29 94.08 89.67 83.63 100.81 97.37 92.47 -
KnOTS + ENMP 95111037 97481122 96.6010s59 95971136 101.341153 97.244044 97291029 +4.82
CoreSpace 95.84 95.74 89.25 83.97 102.42 97.86 94.18 -
CoreSpace + ENMP 97.56i0_02 93~37i0.79 96.00i0_71 93.69i1_25 101~34i0.46 98-39i0.46 96.73i0_13 +2.55

Table 1: Performance comparison on NLP benchmark. We report normalized accuracy (%) as mean = std over 3
runs. See Appendix D.1 for absolute accuracy. A denotes the improvement in average accuracy. Bold marks the
best result per group. ENMP consistently outperforms all baselines, including advanced alignment methods.

Method Cars DTD EuroSAT GTSRB MNIST RESISC SUN397 SVHN Avg. A
TA 81.99 73.72 49.31 42.17 53.01 71.48 95.39 41.22 63.54

TA + ENMP 81.60+0.65 75184075 55.024047 41.194149 58.084196 71.851023 96.094020 42.631096 65214034 +1.67
TIES 82.60 73.17 50.77 36.68 57.48 69.67 95.35 42.97 63.59 -
TIES + ENMP 81.5341040 74241092 58161222 3793, 053 6558073 7048020 95931053 46.82:24 66331031 +2.74
DARE 82.43 72.99 49.91 37.65 56.71 69.74 95.10 44.50 63.63 -
DARE + ENMP 82.041000 75541055 58891001 3929.040 6690030 7092 047 96.11.012 47.584 15 67.164004 +3.53
TSV 83.59 75.45 52.60 44.85 59.53 73.39 95.25 49.29 66.74 -
TSV + ENMP 82.7540.46 754841183 62.561351 46.46+1055 69491176 73.901090 96224042 53124055 70.004021 +3.26
KnOTS 82.74 72.63 47.06 44.14 61.59 71.25 93.58 49.22 65.28 -
KnOTS + ENMP 8298035 75.64. 016 55.06.072 44761179 80461153 71381162 95411074 6091i251 70.821031 +5.54
CoreSpace 82.89 85.03 53.16 84.30 71.00 84.34 97.51 53.55 76.47 -
CoreSpace + ENMP 84.14i0_12 82.54i2_7g 67.15i1_53 81 .4011_55 76.2811_26 84.98i0_64 97-80i0.46 56.06i2_ 11 78.79i0_22 +2.32

Table 2: Results on Vision benchmarks (ViT-B/32). We report normalized accuracy (%) as mean =+ std over 3 runs.
See Appendix D.2 for absolute accuracy. A denotes the improvement in average accuracy. Bold marks the best
result per group. ENMP demonstrates robust improvements across diverse visual recognition tasks.

icated experts. We report both the individual
scores and the benchmark average to highlight task-
specific variances and global trends.

Models and Architectures. We conduct exper-
iments using two distinct architectures to demon-
strate the generality of our approach across modal-
ities: (1) Large Language Models: We employ
Llama-3-8B (Dubey et al., 2024), a representative
decoder-only model, to evaluate performance on
NLI tasks. (2) Vision Encoders: For cross-modal
validation, we use the ViT-B/32 variant of the
CLIP vision encoder (Radford et al., 2021).

Baselines. We validate the efficacy of ENMP
by integrating it with representative state-of-the-
art parameter merging methods, including Task
Arithmetic (TA) (Ilharco et al., 2023), TIES-
Merging (Yadav et al., 2023), DARE (Yu et al.,
2024), TSV (Gargiulo et al., 2025), KnOTS (Sto-
ica et al., 2025), and CoreSpace (Panariello et al.,
2025). Detailed formulations of these baselines are

provided in Appendix C.1. By treating these meth-
ods as foundational baselines, we demonstrate that
ENMP serves as a versatile plug-and-play module
that consistently enhances their performance by ef-
fectively locating and removing negative modules.

Implementation Details. To ensure a rigorous
comparison, we use the pre-trained LoRA check-
points provided by Stoica et al. (2025). Consis-
tent with existing studies, we apply LoRA adapters
to all weight matrices in the attention mechanism
(g_proj, k_proj, v_proj, out_proj), setting the
rank r = 16 and scaling factor o« = 16. For the
optimization phase, we use the same held-out vali-
dation sets as Panariello et al. (2025). The pruning
mask m is optimized via CMA-ES with a popula-
tion size Np,, = 16 for 60 generations. Unless oth-
erwise stated, we configure the search with an ini-
tial step size 0 = 0.5 and a maximum pruning ratio
k = 0.2. Detailed hyperparameter configurations
are provided in Appendix C.2. All experiments are
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Figure 4: Optimization trajectory of ENMP. We track
the test set average normalized accuracy of the pruning
mask selected based on validation performance at each
generation. The shaded region represents the standard
deviation across three independent runs.

conducted on 8 NVIDIA RTX 4090 GPUs, where
the candidate evaluations per CMA-ES generation
are distributed across GPUs in parallel.

4.2 Main Results

We evaluate the proposed framework on both NLP
and Vision benchmarks to verify its effectiveness
and generalizability.

Performance on NLP Benchmark. Table 1
presents the comprehensive evaluation results on
the NLP benchmark. The empirical evidence
strongly supports our hypothesis that selectively
removing negative modules enhances the perfor-
mance of merged language models. Detailed obser-
vations are discussed below.

(1) Universal enhancement. ENMP consistently
improves performance across all baselines,
regardless of the underlying merging strategy.
It provides notable gains for simple methods
(e.g., +3.24% for TA) while propelling advanced
baselines like KnOTS to a new state-of-the-art
accuracy of 97.29%. This universality indicates
that negative modules are a pervasive bottleneck
in LoRA merging, spanning from element-wise
aggregation to spectral alignment methods.

(2) Synergy with sparsification methods. We ob-
serve substantial improvements when integrating
ENMP with parameter-level sparsification methods.
Specifically, it boosts TIES by +6.40% and DARE
by +6.97%. These gains confirm that while fine-
grained pruning reduces intra-module redundancy,
it neglects inter-module interference. ENMP effec-
tively alleviates interference at the modular level.

(3) Critical recovery on sensitive tasks. Notably,

the performance recovery on QNLI is particularly
striking. While baseline methods like TIES and
DARE suffer from severe performance degradation
on this dataset, ENMP achieves a remarkable gain
of over +20%, restoring the normalized accuracy
to approximately 95%. This drastic improvement
suggests that task interference is not uniformly dis-
tributed but can be catastrophic for specific sensi-
tive tasks. It demonstrates that structural conflicts
can be effectively resolved by physically removing
the specific modules that induce negative transfer.

Cross-Modal Generalizability. To further verify
that our method addresses the fundamental prob-
lem of module interference rather than overfitting
to specific language architectures, we extend our
evaluation to the vision domain (Table 2). Consis-
tent with the NLP findings, ENMP yields robust
improvements across diverse image recognition
tasks (e.g., +5.54% for KnOTS). These results in-
dicate that the phenomenon of negative modules is
pervasive and our framework is modality-agnostic.

4.3 Search Efficiency

The search efficiency of the proposed framework
directly determines its practical viability. Using TA
as the representative baseline, we investigate the
convergence behavior of ENMP to evaluate how
quickly it finds effective pruning masks. In Fig-
ure 4, we plot the test set performance of the candi-
date mask that achieves the highest accuracy on the
validation set at each generation. As illustrated, the
optimization trajectory exhibits a steep accuracy as-
cent during the early phase—the method achieves a
rapid performance boost of +2.72% within the first
10 iterations (approximately 23 minutes on our ex-
perimental setup), indicating that the evolutionary
algorithm efficiently identifies the most significant
negative modules. The complete 60-generation
search converges to a final gain of +3.24% in ap-
proximately 2.3 hours, suggesting that the majority
of the gain is captured early in the search. Notably,
the test set accuracy improves in tandem with the
optimization on the validation set, indicating that
ENMP navigates the combinatorial search space
without overfitting to the validation data.

4.4 Synergy with Subspace Alignment

We investigate the interaction between ENMP and
subspace alignment methods (KnOTS (Stoica et al.,
2025), CoreSpace (Panariello et al., 2025)) by com-
paring two execution orders: Align-then-Prune and

37303



A Baseline [¥3 Align-then-Prune [ Prune-then-Align
@ 98 + 97.35  97.29
3; tq & %54 9673
% 96 ooooc b d o
—
-] oo oo
bt o o d b o o
< o0 9418 (o o
I 94 1 o od b o O
5 oo oo
= 9247 1o o d b o o
S 92 1 oo oo
> o o q P O O
< o T

KnOTS CoreSpace

Figure 5: Synergy between ENMP and Subspace Align-
ment. Prune-then-Align consistently outperforms or
matches the reverse order by preventing negative mod-
ules from polluting the shared subspace.
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Figure 6: Sensitivity to Maximum Pruning Ratio (k).
Results (mean = std over three runs) show increasing
k leads to saturated module removal (left) and stable
accuracy (right), confirming ENMP’s adaptive sparsity.

Method Avg. Norm. Acc. (%) A
Task Arithmetic (TA) 90.25 -
TA + Random Pruning 89.10 £ 1.19 -1.15
TA + ENMP (Ours) 93.49 +0.26 +3.24

Table 3: Comparison with Random Pruning on the NLP
benchmark. A denotes the change in average normal-
ized accuracy relative to the Task Arithmetic baseline.

Prune-then-Align. In Figure 5, Prune-then-Align
generally yields superior performance, boosting
CoreSpace by +0.19%. We attribute this to the
sensitivity of subspace construction. In Align-then-
Prune, negative modules participate in the basis
construction via SVD, “polluting” the shared sub-
space with interference directions. Conversely,
Prune-then-Align derives the subspace solely from
constructive modules, ensuring a cleaner reference
basis for alignment. While KnOTS shows robust-
ness to ordering (around 97.3%), early pruning
remains theoretically preferable for reducing the
computational overhead of the SVD step.

5 Ablation Study

We validate the necessity of evolutionary search
and the robustness to pruning constraints, employ-
ing Task Arithmetic (TA) as the representative base-
line to analyze the impact of ENMP.

5.1 Necessity of Evolutionary Search

To investigate whether performance gains stem
from precise pruning or mere sparsity, we compare
ENMP with a Random Pruning baseline (match-
ing approximately 16.7% sparsity resulting from
ENMP’s search) on the NLP benchmark. As shown
in Table 3, random pruning degrades accuracy to
89.10% representing a 1.15% drop from the TA

Samples / Task 64 128 256  Full Val
TA + ENMP (Ours) 91.17 91.86 9224  93.49
A (vs. TA) +0.92 +1.61 +199 +3.24

Table 4: Sensitivity to Validation Set Size on NLP
Benchmark. Average normalized accuracy (%) with
varying numbers of samples per task. A denotes im-
provement over the TA baseline (90.25%).

baseline, with high variance (+1.19%), indicat-
ing that interference is non-uniformly distributed
and blind removal risks discarding essential knowl-
edge. In contrast, ENMP achieves 93.49% with
negligible variance (£0.26%), confirming that the
advantage derives from the precise localization of
interfering components rather than sparsity alone.

5.2 Robustness to Pruning Constraints

We empirically analyze ENMP’s sensitivity to the
maximum pruning ratio & (0.0 to 0.4) in Figure 6.
Even a modest relaxation from £=0.0 to k=0.1
triggers a sharp accuracy boost (from 90.25% to
93.37%), indicating that removing even a few nega-
tive modules yields substantial benefits. For looser
constraints (k > 0.2), ENMP exhibits adaptive
sparsity: the number of removed modules plateaus
at approximately 32 rather than blindly filling the
allowed budget. This stability suggests that &
serves merely as a flexible upper bound; provid-
ing a sufficient margin allows the algorithm to au-
tonomously converge to the optimal sparsity level
without fine-grained tuning.

5.3 Sensitivity to Validation Set Size

To evaluate how much validation data ENMP re-
quires for reliable fitness evaluation, we vary the
number of samples per task from 64 to the full
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validation set on the NLP benchmark. As shown
in Table 4, ENMP exhibits strong data efficiency.
With as few as 64 samples per task, it already
achieves 91.17% accuracy, surpassing the TA base-
line (90.25%) by +0.92%. Performance further im-
proves consistently as more data becomes available.
This result suggests that the interference signal cap-
tured by ENMP is structural rather than statistical.
Even under high sampling variance, ENMP can
consistently identify negative modules, reducing
the reliance on large-scale external validation sets.

6 Conclusion

In this work, we challenge the idealized assumption
in LoRA merging that all task-specific parameters
contribute constructively to the merged model. We
uncover the existence of negative modules, spe-
cific LoRA layers that introduce interference and
degrade multi-task performance. To address this,
we propose ENMP, a novel framework that utilizes
the evolutionary search algorithm to solve nega-
tive module pruning as a combinatorial optimiza-
tion problem. Extensive experiments across NLP
and vision benchmarks demonstrate that ENMP
serves as a versatile, plug-and-play enhancement,
consistently boosting the performance of exist-
ing state-of-the-art merging algorithms (including
TIES, KnOTS, and CoreSpace). Our findings high-
light that in the era of massive model composability,
subtractive mechanisms are just as critical as addi-
tive ones for achieving optimal model merging.

Limitations

While ENMP effectively enhances model merging
performance, we identify two primary limitations
to be addressed in future work.

Offline Computational Overhead. Unlike in-
stant merging methods such as Task Arithmetic,
ENMP involves an iterative evolutionary search.
Although this incurs a one-time computational cost
during the merging phase, it is important to note
that the merged model retains the exact architecture
of the backbone, incurring zero additional over-
head during inference. Our experiments show effi-
cient convergence within 60 generations (Figure 4).
However, applying this search to extremely large-
scale settings (e.g., 70B models with hundreds of
tasks) remains a challenge that may necessitate
more sample-efficient optimization strategies.

Requirement for Validation Data. ENMP uti-
lizes a validation set (D,y;) to compute fitness
scores for the evolutionary algorithm. While this
dependency allows for precise localization of nega-
tive modules, it assumes the availability of repre-
sentative labeled data. In scenarios strictly requir-
ing data-free merging, this prerequisite constitutes
a constraint. Nevertheless, given that many state-of-
the-art baselines also benefit from validation data
for hyperparameter tuning (e.g., scaling factors),
we consider this a justifiable trade-off for the sig-
nificant performance gains observed.
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A Evolutionary Search Details

In this section, we provide the implementation de-
tails of the evolutionary search strategy employed
in our framework. Algorithm 1 outlines the com-
plete optimization process, including the initial-
ization of the CMA-ES strategy, the generation of
candidate pruning masks via latent variable map-
ping, and the iterative update mechanism driven by
validation performance.

Algorithm 1 Evolutionary Search with CMA-ES

Require: Pre-trained  LoRA  experts T =
{AW1,...,AWr}, Validation Set D,q, Gener-
ations G, Pop. Size Npop.

1: Initialize: Mean p® «— —1, Covariance C© « I,

Step size o.

2: for generationg =0to G — 1 do

3 Sample Ny, latent vectors:

4: zi ~ N (p'9, (U(g))ZC(g>)
5: fori=1to Ny, do
6:
7
8

Masking: m* < ToOPK-MAP(z;) (Eq. 6)
Reshape: m; « m™
: Pruning: S; +— {AW" | m,,, =0}
9: Merging: W nerped < ©(S;) (Eq. 3)
10: Eval: F; + M(Wmerged; Dval)
11: Update best mask m™ if F; > Fpest.
12: end for

13:  Update p'97 C¥FY via CMA-ES rule using {F;}.
14: end for
15: Output: Optimal merged model Wiipy using m”™.

Layer SNLI MNLI SICK QNLI RTE SCITAIL
0 +0.5025 | +0.6965 -0.0165 +0.0249  +0.0759 +0.1954
1 +0.2244 404301  +0.0106 ~ +0.1585  +0.1909 +0.1493
2 +0.1694  +0.2833  +0.0237  +0.1357  +0.0424 +0.1808
3 +0.0374  +0.0464  +0.0007 -0.0441 +0.0121 +0.0233
4 -0.0602 +0.0643  +0.1127 -0.0450  +0.0152 +0.1436
5 +0.2331  +0.1672  +0.1728 -0.1481 +0.0042 +0.0642
6 +0.1073  +0.2377  +0.0580  -0.1480  +0.0220 +0.0203
7 +0.0433  +0.1108  +0.1214 -0.1064 -0.0652 +0.0577
8 +0.0660 | +0.4925  +0.1411 -0.2709 +0.1860 +0.0645
9 +0.0596  +0.1534  +0.1944  -0.2721 +0.1591 +0.0412
10 +0.0809  +0.1962  +0.1464  -0.1141 +0.1425 +0.0013
11 +0.4212 +0.2474  +0.2655 -0.4792 +0.2823 +0.4918
12 +0.5209 | +0.7198 +0.2745 -1.2861 +0.6948 +0.1298
13 +0.2018 -0.3989 | +0.6677 +0.1148
14 +0.4281  +0.2933  +0.2083 -0.2945 +0.0798
15 +0.4847 +0.1951 -0.4015 +0.0847
16 +0.1145 = +0.4264  +0.1804  -0.6437 | +0.6445 +0.0982
17 +0.2521  +0.1381 +0.1607 -0.2474  +0.0949 +0.1409
18 +0.0197  +0.1548  +0.1434  +0.0318  +0.1374 +0.1658
19 +0.1997  +0.0495  +0.2051  +0.0114  +0.1211 +0.1487
20 +0.1941  +0.2056  +0.1798  +0.0813  +0.0346 +0.0439
21 +0.0687 -0.0392 -0.0301 -0.0865 +0.1521 +0.1051
22 +0.0138 -0.1376  +0.2211 -0.0590  +0.1302 +0.0217
23 +0.1581  +0.1541  +0.2085  +0.1425  +0.1657 +0.1765
24 +0.2243 -0.0065 +0.2044  +0.0209  +0.2088 +0.1654
25 +0.0222  +0.1643  +0.1607  +0.0249  +0.1457 +0.0544
26 +0.0082  +0.0137 -0.0043 +0.0005 ~ +0.2046 -0.0121
27 +0.2817  +0.2123  +0.1193 = +0.3553  +0.1595 +0.1639
28 +0.2290  +0.0965  +0.1664  +0.0615  +0.1908 +0.1506
29 -0.0474 -0.1692  +0.1511  +0.0747  +0.1752 -0.0420
30 +0.0793 | +0.5465  +0.1400  +0.0873  +0.1694 +0.0895
31 -0.3368 -0.4654  +0.0018 -0.3027 +0.1696 -0.2022

Table 5: Detailed performance impact of leave-one-out
pruning. Background color intensity indicates the mag-
nitude of impact (red for increase, for decrease).
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B Quantitative Analysis of Pilot Study

In Figure 1, we visualized the impact of pruning
individual LoRA modules via a heatmap. In this
section, we provide the specific numerical values
corresponding to that analysis. Table 5 lists the
change in performance (A Acc) when the specific
module (layer [, task t) is removed from the aggre-
gation.

C Implementation Details

C.1 Baseline Formulations

In this section, we formulate the baseline methods
using a unified notation. Let {AW,}Z ;| denote
the set of task-specific LoRA updates. The merged
update AW pergeq is computed as follows:

Task Arithmetic (TA) TA (Ilharco et al., 2023)
assumes that task vectors are independent and con-
structive. It computes the merged update as a sim-
ple weighted sum:
T
AWy =AY AW,
t=1

(10)

where A is a scalar hyperparameter scaling the ag-
gregate strength.

TIES-Merging TIES (Yadav et al., 2023) miti-
gates interference via a “Trim, Elect, and Merge”
pipeline. First, it frims the task updates to re-
tain only the top-k% largest magnitude parameters,
yielding sparse updates AW,. Second, it resolves
conflicts by electing a unified sign vector s* based
on the total magnitude of parameters. Finally, it
computes a disjoint mean by averaging only the
values that align with the elected sign:

AWTIES = )\ - Mean ({AWt | Sgn(AWt) = S*}?:l) ,
an
where the mean ignores zero entries pruned in the
trimming step.

DARE DARE (Yu et al., 2024) exploits the ex-
treme redundancy in delta parameters. Operat-
ing on the premise that most fine-tuned updates
can be removed without performance loss, it em-
ploys a stochastic “Drop And REscale” strategy.
For each task ¢, DARE generates a binary mask
M; ~ Bernoulli(1 — p) to randomly drop a frac-
tion p of the elements, and rescales the surviving
parameters to preserve the expected value of the
updates:

~ 1
AW, = H(Awt © My). (12)

These sparsified updates are then typically aggre-
gated via summation or combined with other tech-
niques (e.g., TIES).

Task Singular Vectors (TSV) TSV (Gargiulo
et al., 2025) approaches model merging by analyz-
ing the geometric structure of layer-wise weight
updates. Recognizing that task matrices are in-
herently low-rank, TSV decomposes each update
via Singular Value Decomposition (SVD) and re-
tains only the most significant singular components,
AW, ~ UtEtVtT . To resolve task interference, it
concatenates the singular vectors across all tasks
and applies a whitening transformation (formulated
as an orthogonal Procrustes problem) to decorre-
late them. The merged update is reconstructed
from these orthogonalized bases without requiring
additional scaling coefficients:

AWrsy = U Dok V] (13)
where pjocx = diag(X1,...,37), and U, (sim-
ilarly for V ) is the orthogonal matrix that mini-
mizes the projection error ||Ucy — U || relative
to the concatenated singular vectors Uy.

KnOTS KnOTS (Stoica et al., 2025) addresses
the misalignment issue in LoRA-finetuned models
by projecting task-specific updates into a shared
geometric subspace. By attributing the poor merge-
ability of LoRA models to their updates residing
in disparate subspaces, KnOTS concatenates the
weight updates from all tasks layer-wise and ap-
plies Singular Value Decomposition (SVD) to ex-
tract a common orthonormal basis U and a scal-
ing matrix 3. This decomposition isolates task-
specific variations into the right singular vectors
V., which are aligned to the shared basis. Stan-
dard merging algorithms (such as TIES or Task
Arithmetic) are then applied exclusively to these
aligned vectors to produce a unified component
Vmerged- The final merged update is reconstructed
by projecting back via the shared basis:

AW perged = UEV,] (14)

merged>
where Viereed = Merge({V1,...,Vr}). This
procedure effectively aligns the representation
spaces of disjoint LoORA models without requir-
ing additional data or gradient-based optimization.
For the main experiments, we follow the best prac-
tices from the original paper, utilizing TIES for the
merging stage.
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NLP (Llama-3) Vision (ViT-B/32)
Method A Top-k (%) p A Top-k (%) p
Task Arithmetic (TA) 0.3 - - 0.1 - -
TIES-Merging 1.2 80 - 0.3 40 -
DARE-TIES 1.1 80 0.1 0.3 20 0.1
TSV 0.6 - - 0.3 - -
KnOTS (w/ TIES) 1.1 90 - 0.6 90 -
CoreSpace 0.5 - - 0.9 - -

Table 6: Detailed hyperparameter configurations for baselines across NLP and CV benchmarks. A denotes the
scaling factor (consistent with Eq. 2), Top-k indicates the percentage of parameters retained (density), and p

represents the drop rate for DARE.

Method SNLI MNLI SICK QNLI RTE SciTail Avg. A
Individual Task 92.50 90.31 91.58 94.49 89.86 96.52 92.54 -
TA 86.57 86.06 80.60 64.94 89.13 93.32 83.44 -
TA + ENMP 88.74 £ 0.26 85.18+0.39 83.88+1.63 7597 £0.57 91.06+0.42 93.98+0.12 86.47 +£0.25 +3.03
TIES 87.74 87.34 73.99 67.60 89.86 92.66 83.20 -
TIES + ENMP 89.33+:0.25 88.71 £0.56 84.92+0.75 89.72+0.63 89.37+£042 93.04+040 89.18+042 +5.98
DARE 87.41 87.48 71.14 68.44 87.68 92.80 82.49 -
DARE + ENMP 88.88 = 0.54 88.30 +0.64 84.56 +0.61 89.71£0.70 88.65+1.11 93.84+0.25 88.99+0.12 +6.50
TSV 88.21 85.91 81.37 72.59 91.30 94.17 85.59 -
TSV + ENMP 89.22 +0.69 8533 £0.63 86.45+2.03 87.11+0.82 89.86+1.25 94.18+0.26 88.69+0.33 +3.10
KnOTS 82.59 84.96 82.12 79.02 90.58 93.98 85.54 -
KnOTS + ENMP 8798 +0.35 88.03£1.10 88.47+0.81 90.68+ 128 91.06+1.10 93.854+043 90.01 027 +4.47
CoreSpace 88.65 86.46 81.74 79.34 92.03 94.45 87.11 -
CoreSpace + ENMP  90.24 +£0.02 84.32+0.71 87.92+0.64 88.53+t1.19 91.06+042 9497 +045 89.51+0.13 +2.40

Table 7: Absolute Accuracy (%) on NLP Benchmarks. We report the mean accuracy =+ standard deviation across 3
seeds. A denotes the average improvement over the corresponding baseline. The Individual Task row represents the

performance of models fine-tuned on single tasks.

Method Cars DTD EuroSAT GTSRB MNIST RESISC45  SUN397 SVHN Avg. A
Individual Task 74.00 58.30 99.00 92.70 99.30 88.40 64.50 96.20 84.05

TA 60.67 42.98 48.81 39.09 52.64 63.19 61.53 39.65 51.07 -
TA + ENMP 60.39+0.48 43.83+044 5447 +046 3818+ 138 57.68+195 63.51+0.19 61.98+0.13 41.024+092 52.63+0.31 +1.56
TIES 61.12 42.66 50.26 34.01 57.08 61.59 61.50 41.34 51.19 -
TIES + ENMP 60.33+£0.30 43.28+-0.54 5758 £220 3516+049 65124072 6231020 61.88+0.34 45.04+231 53.84+0.26 +2.65
DARE 61.00 42.55 49.41 34.90 56.31 61.65 61.34 42.81 51.25 -
DARE + ENMP 60.71 £0.16 44.04 =0.32 5830 £1.99 36.42+0.39 6643 +031 62.69+042 61.99+0.08 4578+ 1.44 54.54+0.04 +3.29
TSV 61.85 44.00 52.07 41.58 59.11 64.87 61.44 47.42 54.04 -
TSV + ENMP 61.234+034 44.01+1.06 61.94£3.77 43.07+0.79 69.01+1.74 6533 +0.80 62.06+0.27 51.10+053 57.22+0.20 +3.18
KnOTS 61.23 42.34 46.59 4091 61.16 62.98 60.36 47.35 52.87 -
KnOTS + ENMP 61.40 025 44.10+0.09 5450 £0.72 4149 +1.66 79.90+ 1.52 63.09 =143 61.54 £048 58.60+2.71 58.08+0.33 +5.21
CoreSpace 61.34 49.57 52.63 78.15 70.50 74.56 62.90 51.51 62.64 -
CoreSpace + ENMP  62.26 - 0.09 48.12+1.62 6648 +1.56 75454144 7575+124 7513+0.56 63.09+ 030 53.93+2.03 6503+0.11 +2.39

Table 8: Absolute Accuracy (%) on Vision Benchmarks.

The improvement (A) indicates the gain of ENMP over

the baseline method. The Individual Task row represents the performance of models fine-tuned on single tasks.

CoreSpace CoreSpace (Panariello et al., 2025)
proposes a computationally efficient framework
for merging LoRA-adapted models by operating
within a compact, shared geometric subspace. Un-
like methods that merge in the high-dimensional pa-
rameter space or require costly SVD on full weight
updates (e.g., KnOTS), CoreSpace constructs a
common alignment basis (U%, V) by decom-
posing the concatenated low-rank factors B; and

A, across all tasks. Each task’s update is projected
into this space to obtain a dense Core Matrix My,
capturing the task-specific transformation without
information loss. Merging is performed on these
low-dimensional matrices, and the final update is
reconstructed via the reference bases:

AWcor = UgMerge ({M3,) (V)
(15)
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where M, = (Urg,f)TBtAtVrjf. This approach
decouples merging complexity from the model di-
mension, ensuring scalability while theoretically
guaranteeing zero reconstruction error relative to
full-space concatenation. For the main experiments,
we follow the best practices from the original pa-
per in merging stage, employing TSV for NLP and
TSV + Iso-C for the Vision benchmark.

C.2 Hyperparameter Configurations

To ensure fair comparison and reproducibility, we
align our baseline settings with prior works. We
observe that optimal hyperparameters vary signif-
icantly between modalities due to differences in
backbone architectures (Llama-3 vs. ViT) and task
characteristics. Table 6 details the specific configu-
rations for both NLP and Vision benchmarks.

D Additional Quantitative Results

In Table 1 and Table 2, we reported the Normalized
Accuracy to provide a balanced view across tasks
with varying difficulty. To ensure transparency and
facilitate comparison with future works, we present
the Absolute Accuracy for all benchmarks in this
section.

D.1 NLP Benchmark Results

Table 7 reports the raw accuracy scores for the NLP
tasks. As demonstrated in Table 7, our method
(ENMP) consistently improves performance across
all baselines. It is particularly encouraging to see
that even for strong baselines such as TSV, KnOTS,
and CoreSpace, which already achieve high base
accuracy, ENMP still provides significant further
improvements of +3.10%, +4.47%, and +2.40%,
respectively.

D.2 Vision Benchmark Results

Table 8 presents the absolute accuracy for the CV
tasks using the ViT-B/32 backbone. Similar to
the NLP results, ENMP provides a universal boost
across all CV baselines. It is particularly effec-
tive when combined with subspace-based methods
like KnOTS, achieving a remarkable +5.21% im-
provement. Even for the state-of-the-art method
CoreSpace, which already operates in a highly opti-
mized subspace, ENMP still squeezes out an addi-
tional +2.39% accuracy, demonstrating its comple-
mentary nature to existing subspace-based merging
techniques.

37310



