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Abstract
Multimodal expansion of large language mod-
els (LLMs) enables new perceptual capabili-
ties but often compromises the language in-
telligence acquired during pretraining. In this
work, we investigate this phenomenon from
the perspective of internal adaptation dynamics
and discover that neurons in pretrained LLMs
exhibit heterogeneous plasticity during multi-
modal learning: some neurons are critical for
preserving language capabilities, while others
are more adaptive to multimodal knowledge.
Based on this insight, we propose NeuPAT
(Neuron-aware Plasticity Allocation Tuning),
a lightweight and architecture-agnostic frame-
work that allocates neuron-wise update con-
straints during multimodal instruction tuning.
NeuPAT uses a small-scale probing stage to esti-
mate neuron adaptation patterns and selectively
protects language-sensitive neurons while pro-
moting multimodal adaptation through more
plastic neurons. Experiments across diverse
LLM families demonstrate that NeuPAT recov-
ers 94.5% of the language capability degra-
dation caused by vanilla tuning on 11 lan-
guage benchmarks while maintaining compara-
ble multimodal performance, providing an ef-
fective approach for capability-preserving mul-
timodal expansion.

1 Introduction

Large language models (LLMs) demonstrate strong
capabilities in language understanding, reason-
ing, knowledge acquisition, and code generation
through large-scale text pretraining (Brown et al.,
2020; Chowdhery et al., 2023; Achiam et al., 2023;
Touvron et al., 2023). Extending these models be-
yond text has driven rapid progress in multimodal
large language models (MLLMs) (Liu et al., 2023b;
Dai et al., 2023; Wang et al., 2024; Bai et al., 2025;
Li et al., 2024; Team et al., 2025; Wang et al.,
2025b). A dominant paradigm preserves a pre-
trained LLM as the reasoning backbone, connects

Figure 1: Pure-text capability degradation and re-
covery after visual instruction tuning. (a) Expanding
an LLM into an MLLM with multimodal instruction
data can induce language forgetting. (b) Vanilla tun-
ing degrades performance on representative pure-text
benchmarks, whereas NeuPAT recovers most of the lost
capability. Scores are normalized by the original LLM
performance on each benchmark.

it to modality-specific encoders via projection mod-
ules, and performs multimodal instruction tuning to
align new modalities with the language space (Liu
et al., 2023b; Dai et al., 2023). This paradigm en-
ables strong performance on multimodal tasks such
as visual question answering and reasoning (Liu
et al., 2024c; Yue et al., 2024; Chen et al., 2024).

Ideally, multimodal expansion should represent
capability evolution: the model acquires new mul-
timodal understanding while preserving the lan-
guage intelligence accumulated during pretrain-
ing. This preservation is fundamental because mod-
ern MLLMs remain language-grounded systems,
where language capabilities provide the foundation
for reasoning, knowledge organization, and multi-
modal generalization.

However, this ideal preservation is not always
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achieved. As shown in Figure 1, multimodal in-
struction tuning often causes substantial degrada-
tion on language reasoning benchmarks, with an
average performance drop of approximately 39.8%
across key language evaluations. This reveals that
multimodal expansion is not purely additive; adapt-
ing the pretrained backbone toward multimodal
distributions can interfere with existing language
representations and overwrite capabilities essen-
tial for language-based reasoning. Therefore, an
important question arises: How can we expand
the capability boundary of LLMs with new modali-
ties while preserving the language intelligence that
forms the foundation of multimodal intelligence?

Recent studies have explored strategies to alle-
viate language capability degradation during mul-
timodal expansion. Existing solutions mainly rely
on external interventions, including text-only data
replay (Lu et al., 2024; Bai et al., 2025), archi-
tectural modifications (Zhang et al., 2024; Wang
et al., 2025a; Lu et al., 2025), and post-training
model merging (Ratzlaff et al., 2024; Yu and Ana-
niadou, 2025; Wang et al., 2026; Li et al., 2025).
Text replay retains pretrained abilities through ad-
ditional language supervision but requires extra
data and careful objective balancing. Architecture-
based methods isolate multimodal adaptation from
the language backbone at the cost of customized
designs and added complexity. Model merging
combines the original LLM and adapted MLLM
after training, yet may introduce trade-offs between
language preservation and multimodal adaptation.
More importantly, these methods rely on auxiliary
interventions rather than directly regulating back-
bone adaptation during multimodal learning.

In this work, we revisit multimodal expansion
from the perspective of internal adaptation dynam-
ics. We investigate whether the pretrained LLM
contains heterogeneous adaptation capacities that
can be selectively regulated during multimodal
learning. Our key insight is that neurons within
the pretrained backbone exhibit distinct adaptation
patterns: some are more critical for preserving lan-
guage intelligence, while others provide greater
flexibility for absorbing new multimodal knowl-
edge. Therefore, uniformly updating all neurons
during multimodal tuning may unnecessarily dis-
rupt language-critical representations while under-
utilizing the model’s intrinsic plasticity.

Based on this insight, we propose NeuPAT
(Neuron-aware Plasticity Allocation Tuning), a
neuron-level capability-preserving tuning frame-

work for multimodal expansion. NeuPAT intro-
duces a lightweight probing stage to estimate
neuron-wise adaptation characteristics using a
small set of diagnostic samples, without introduc-
ing additional training data or modifying the model
architecture. Based on these measurements, Neu-
PAT dynamically allocates update constraints dur-
ing multimodal instruction tuning: neurons sen-
sitive to language capability preservation are pro-
tected from excessive adaptation, while neurons
with greater multimodal plasticity are encouraged
to acquire new knowledge. By regulating internal
adaptation dynamics, NeuPAT enables capability-
preserving expansion from LLMs to MLLMs.

As shown in Figure 1, NeuPAT substantially
reduces language capability degradation during
multimodal expansion, recovering 90.0% of lost
performance across 4 language reasoning bench-
marks. Experiments across 6 LLMs, 11 language
benchmarks, and 5 multimodal benchmarks demon-
strate that NeuPAT consistently generalizes across
model families and scales, providing an efficient
and architecture-agnostic solution for preserving
language intelligence during multimodal expan-
sion.

Our contributions are summarized as follows:

• We reveal heterogeneous adaptation dynam-
ics within LLM backbones during multimodal
expansion, showing that different neurons ex-
hibit distinct adaptation patterns associated
with language preservation and multimodal
learning.

• We propose NeuPAT, a neuron-aware plastic-
ity allocation framework, enabling efficient
and architecture-agnostic multimodal expan-
sion while preserving language intelligence.

• Extensive experiments demonstrate that Ne-
uPAT consistently preserves language intelli-
gence across diverse LLM families and model
scales while maintaining comparable multi-
modal performance, enabling scalable capa-
bility expansion from LLMs to MLLMs.

2 Related Work

2.1 Multimodal Large Language Models
MLLMs typically adopt an encoder-connector-
LLM architecture, mapping visual features into
the language space via cross-attention, Q-Former,
or lightweight projection modules (Alayrac et al.,
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Figure 2: Neuron modality preference and importance during multimodal expansion of LLMs. (a) Raw
text- and vision-associated importance scores, showing heterogeneous modality associations across neurons. (b)
Layer-wise modality preference Pl,u = vl,u − tl,u, with neurons sorted by preference within each layer. (c) Overall
importance Il,u = (vl,u + tl,u)/2 under the same ordering, showing diverse importance levels among neurons with
similar preferences. These results reveal heterogeneous plasticity patterns in the pretrained backbone, motivating
neuron-aware plasticity allocation during multimodal adaptation.

2022; Li et al., 2023a; Dai et al., 2023; Zhu et al.,
2024; Liu et al., 2023b, 2024a). Recent models,
including the Qwen-VL series, DeepSeek-VL, In-
ternVL3, and LLaVA-OneVision, improve mul-
timodal perception and reasoning with stronger
encoders, larger corpora, and advanced post-
training (Bai et al., 2023; Wang et al., 2024; Bai
et al., 2025; Lu et al., 2024; Wang et al., 2025b;
Zhu et al., 2025; Li et al., 2024). Despite this
progress, most MLLMs still adapt pretrained LLM
backbones through image-text alignment and vi-
sual instruction tuning, potentially degrading their
language capabilities and motivating our study.

2.2 Methods for Mitigating Forgetting

A common solution is to mix text-only and mul-
timodal data (Lu et al., 2024; Bai et al., 2023;
Wang et al., 2024; Bai et al., 2025), which in-
creases training cost and requires careful ratio tun-
ing. Existing alternatives apply general parameter-
efficient or continual-learning methods (Hu et al.,
2022; Kirkpatrick et al., 2017), modify the archi-
tecture (Zhang et al., 2024; Wang et al., 2025a; Lu
et al., 2025), or merge the adapted model with the
original LLM (Ratzlaff et al., 2024; Yu and Anani-
adou, 2025; Wang et al., 2026; Li et al., 2025). In
contrast, NeuPAT leverages neuron modality pref-
erences to preserve language capabilities during
multimodal learning without text replay, architec-
tural changes, or post-hoc merging.

3 Neuron-Level Modality Preference
Analysis

To enable capability-preserving multimodal expan-
sion, we first analyze how different neurons within

the pretrained LLM backbone respond to text and
visual inputs. Our goal is to investigate whether
the backbone contains heterogeneous plasticity pat-
terns during multimodal adaptation. Without such
knowledge, uniform update strategies, such as glob-
ally freezing or regularizing the backbone, may
preserve language capabilities but unnecessarily re-
strict the model’s ability to acquire new multimodal
knowledge.

3.1 Modality-Associated Neuron Importance
Estimation

For a Transformer layer l, we use u to index a
neuron, corresponding to an intermediate hidden
dimension together with its associated input- and
output-side parameter slices. Let hl,u(xt) denote
the activation of neuron u at token position t, and
let W out

l,u denote its output-side parameter slice that
writes the neuron response back to the residual
stream.

We construct lightweight text-only and visual
probing sets, DT and DV , respectively. Inspired
by activation-aware importance estimation (Sun
et al., 2024), we define the modality-associated
importance score of neuron u under probing set D
as

sl,u(D) =
∥∥W out

l,u

∥∥
F

· RMSx∈D, t∈V(x)
(
∥hl,u(xt)∥2

)
,

(1)

where V(x) denotes the valid non-padding token
positions. This score jointly considers neuron acti-
vation strength and its output contribution, provid-
ing a proxy for neuron importance under a specific
input modality.

3



Figure 3: Overview of NeuPAT. NeuPAT identifies neuron adaptation roles through lightweight modality probing
and assigns role-specific update constraints during multimodal tuning, preserving language intelligence while
acquiring multimodal capabilities.

We compute the visual- and language-associated
importance scores as

sVl,u = sl,u(DV ), sTl,u = sl,u(DT ). (2)

For visualization and comparison within each
layer, the scores are normalized as

vl,u = Norm(sVl,u), tl,u = Norm(sTl,u), (3)

where Norm(·) denotes layer-wise normalization.
Based on the normalized importance scores, we

define two complementary properties:

Pl,u = vl,u − tl,u, Il,u =
vl,u + tl,u

2
, (4)

where Pl,u measures the relative modality prefer-
ence of a neuron, while Il,u measures its overall
importance across both modalities. A positive Pl,u

indicates stronger association with visual inputs,
whereas a negative value indicates stronger asso-
ciation with language inputs. Values close to zero
indicate balanced importance across modalities.

3.2 Empirical Observations

Figure 2 illustrates neuron importance patterns
from three perspectives. Figure 2(a) compares
visual- and language-associated importance scores,
revealing heterogeneous modality associations

among neurons. Figures 2(b) and 2(c) further visu-
alize the layer-wise modality preference Pl,u and
overall importance Il,u, respectively, where neu-
rons are sorted according to their preference within
each layer.

Based on these analyses, we obtain three obser-
vations.

1) Heterogeneous modality-associated plastic-
ity. Neurons exhibit diverse preferences toward
language and visual inputs, indicating that the pre-
trained backbone does not participate uniformly
in multimodal adaptation. Consequently, applying
identical updates to all neurons may unnecessar-
ily perturb language-critical representations while
limiting the utilization of neurons better suited for
multimodal adaptation.

2) Different neurons require different update
constraints. Neurons with balanced modality pref-
erences are not homogeneous: some exhibit high
importance under both input types, suggesting
shared functionality across modalities, while others
show relatively low importance and may provide
additional flexibility for acquiring new multimodal
knowledge. This indicates that different neurons
require different levels of update constraint rather
than uniform protection or adaptation.

3) Plasticity patterns vary across layers. The
distributions of modality preference and impor-

4



tance vary substantially across Transformer lay-
ers, indicating that different layers exhibit distinct
adaptation patterns. Therefore, fixed global allo-
cation strategies may fail to capture layer-specific
characteristics.

Together, these observations reveal heteroge-
neous adaptation requirements within the pre-
trained backbone: some neurons require protec-
tion to preserve language intelligence, while others
provide flexibility for multimodal adaptation. This
motivates neuron-aware allocation of update flexi-
bility during multimodal expansion.

4 Methods

NeuPAT performs neuron-aware update allocation
during multimodal instruction tuning. It estimates
modality-associated importance, assigns neurons
with different adaptation roles, and applies role-
specific update constraints to balance language
preservation and multimodal adaptation. Figure 3
illustrates the overall pipeline.

4.1 Modality-Associated Importance
Estimation

Following the analysis in Section 3, NeuPAT first
estimates modality-associated importance for each
neuron using lightweight probing sets. Specifically,
we construct visual and text-only probing sets and
compute the visual- and language-associated im-
portance scores, sVl,u and sTl,u, using Eq. 1. These
scores measure the contribution of individual neu-
rons under different input modalities and provide
the basis for subsequent adaptation role allocation.

For each layer l, the importance scores are nor-
malized using layer-wise normalization using Eq. 2.
The normalized scores are used to characterize the
modality-associated importance distribution of neu-
rons within each layer.

4.2 Neuron Adaptation Role Allocation

NeuPAT identifies neurons with different adapta-
tion roles according to their modality-associated
importance distributions. For each layer l, let
sVl ∈ RNl and sTl ∈ RNl denote the visual- and
language-associated importance scores of all Nl

neurons.
For each modality a ∈ {V, T}, we select the

smallest neuron subset whose cumulative impor-

tance accounts for a predefined coverage ratio τa:

Ka
l = min

K :

∑K
r=1 s

a
l,πa

l (r)∑Nl
r=1 s

a
l,πa

l (r)
+ ϵ
≥ τa

 ,

(5)
where πa

l (·) denotes the neuron indices ranked by
modality-associated importance. The selected neu-
ron sets for visual and language inputs are denoted
as Vl and Tl, respectively.

Based on the relationship between Vl and Tl, we
derive four neuron adaptation roles:

Clangl = Tl \ Vl, Cmulti
l = Vl \ Tl,

Csharedl = Tl ∩ Vl, Creservel = Tl ∪ Vl.
(6)

where the complement in Creservel is taken with
respect to all neurons in layer l. Here, Clangl con-
tains neurons primarily associated with language
inputs and therefore requires protection during mul-
timodal adaptation. Cmulti

l contains neurons associ-
ated with visual inputs and provides adaptive capac-
ity for acquiring multimodal knowledge. Csharedl

contains neurons important to both modalities and
requires constrained updates, while Creservel pro-
vides additional flexibility for multimodal learning.

4.3 Role-Aware Multimodal Tuning
Based on the assigned adaptation roles, NeuPAT
regulates neuron-wise update flexibility during mul-
timodal instruction tuning.

Language-associated neurons are frozen to
preserve pretrained language representations.
Multimodal-adaptive neurons receive full updates
to absorb new multimodal knowledge. Reserve
neurons are also fully optimized as additional adap-
tation capacity. Shared neurons, which participate
in both language and multimodal processing, re-
ceive constrained updates to balance preservation
and adaptation.

For shared neurons, we separate the correspond-
ing parameters into input- and output-side compo-
nents, denoted by W in

l,u and W out
l,u . Their deviation

from pretrained parameters is constrained by:

Rshared =
∑
l

∑
u∈Cshared

l

[
λin

∥∥∥W in
l,u −W in,0

l,u

∥∥∥2
F

+ λout

(
1− cos(W out

l,u ,W out,0
l,u )

)]
.

(7)
The input-side constraint limits changes to neuron
activation behavior, while the output-side cosine
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Table 1: Comparison on 11 language benchmarks grouped into Language and Logical Reasoning Tasks, Math and
Code Reasoning Tasks, and General Tasks. ∆(2)−(1) denotes Vanilla Tuning − LLM, while ∆(9)−(2) denotes
NeuPAT − Vanilla Tuning. Bold values indicate the best results among multimodally adapted models.

Method Language and Logical Reasoning Tasks Math and Code Reasoning Tasks General Tasks Overall

BBH bAbI DROP LogiQA2 Avg. MATH-500 MBPP GSM8K Avg. SocialIQA CoQA GPQA ARC-C Avg. Avg.

(1) LLM 47.83 13.20 15.30 35.94 28.07 64.60 65.80 86.20 72.20 50.10 67.53 36.38 55.97 52.50 48.99
(2) + Vanilla Tuning 37.12 2.68 9.90 32.95 20.66 50.40 62.60 83.47 65.49 46.78 67.37 34.15 55.72 51.01 43.92

∆(2)−(1) -10.71 -10.52 -5.40 -2.99 -7.41 -14.20 -3.20 -2.73 -6.71 -3.32 -0.16 -2.23 -0.25 -1.49 -5.07

(3) + LoRA 49.72 1.57 11.42 33.97 24.17 46.20 65.40 81.96 64.52 51.38 70.58 36.16 55.63 53.44 45.82
(4) + EWC 42.50 2.74 12.90 35.88 23.51 52.80 66.00 85.52 68.11 47.65 69.77 35.71 57.51 52.66 46.27
(5) + WINGS 51.76 2.70 11.03 34.16 24.91 53.20 63.20 79.91 65.44 50.00 70.50 35.49 56.48 53.12 46.22
(6) + TIES 38.69 2.67 14.70 35.62 22.92 51.40 63.20 84.15 66.25 46.93 67.72 34.60 56.06 51.33 45.07
(7) + L2M 41.38 2.67 14.47 35.81 23.58 50.00 63.80 84.00 65.93 46.52 68.52 34.38 55.97 51.35 45.23
(8) + PlaM 36.37 2.67 14.61 35.69 22.34 50.80 62.80 83.32 65.64 46.47 67.45 34.60 55.89 51.10 44.61

(9) + NeuPAT 53.88 10.67 15.74 36.39 29.17 56.40 66.60 85.97 69.66 50.26 69.53 37.27 56.91 53.49 49.06
∆(9)−(2) +16.76 +7.99 +5.84 +3.44 +8.51 +6.00 +4.00 +2.50 +4.17 +3.48 +2.16 +3.12 +1.19 +2.49 +5.14

Table 2: Comparison on multimodal benchmarks. ∆
denotes NeuPAT − Vanilla Tuning.

Method MMB RWQA MMMU POPE MMS Avg.

Vanilla Tuning 72.08 56.60 43.11 87.69 45.40 60.98

LoRA 68.21 53.59 39.44 86.57 42.56 58.07
EWC 67.53 50.59 43.78 84.99 40.67 57.51

WINGS 73.88 57.78 43.44 87.86 47.91 62.17
TIES 72.42 55.56 43.00 87.74 45.81 60.91
L2M 72.94 55.16 42.89 87.67 46.24 60.98
PlaM 72.77 56.47 43.00 87.77 45.10 61.02

NeuPAT 72.48 56.99 42.22 88.72 44.85 61.05
∆ +0.40 +0.39 -0.89 +1.03 -0.55 +0.07

constraint preserves the direction of neuron contri-
butions to the residual stream. During optimiza-
tion, gradients of language-associated neurons are
masked, while other neuron roles follow their as-
signed update constraints.

The final training objective is L = Lori +
Rshared,where Lori denotes the original autoregres-
sive language-modeling objective.

5 Experiments

5.1 Experimental Settings

5.1.1 Implementation Details
We use RICE-ViT-Large-Patch14-560 as the vision
tower (Xie et al., 2025) and Qwen3-4B-Instruct-
2507 as the default language backbone (Yang
et al., 2025). Generalization is evaluated on
five additional backbones: Qwen3-0.6B, Phi-4-
Mini-Instruct, Qwen2.5-7B-Instruct, Llama3.1-8B-
Instruct, and Qwen2.5-14B-Instruct (Yang et al.,
2025; Abouelenin et al., 2025; Yang et al., 2024;
Grattafiori et al., 2024). Training consists of image-
text alignment on LLaVA-558K (Liu et al., 2024a)
with only the multimodal adapter updated, fol-
lowed by NeuPAT-based visual instruction tuning
on LLaVA-NeXT-780K (Liu et al., 2024b). We set

τa = 0.8 and λin = λout = 0.1. All models are
trained with Adam on 8 NVIDIA A100 GPUs.

5.1.2 Baselines

We compare NeuPAT with three baseline groups:
(1) reference models, including the original LLM
and Vanilla Tuning; (2) general adaptation meth-
ods, including LoRA (Hu et al., 2022) and
EWC (Kirkpatrick et al., 2017); and (3) MLLM-
specific preservation methods, including the
architecture-based WINGS (Zhang et al., 2024) and
post-hoc merging approaches such as TIES (Rat-
zlaff et al., 2024), Locate-then-Merge (Yu and Ana-
niadou, 2025), and PlaM (Wang et al., 2026). The
original LLM provides a reference for language ca-
pability, while Vanilla Tuning reflects the forgetting
caused by standard visual instruction tuning.

5.1.3 Evaluation Protocol

We evaluate language and multimodal capabili-
ties using lm-evaluation-harness (Gao et al.,
2024) and lmms-eval (Zhang et al., 2025), respec-
tively. The language suite contains 11 benchmarks
covering knowledge, mathematics, logic, cod-
ing, and reading comprehension: SocialIQA (Sap
et al., 2019), ARC-Challenge (Clark et al., 2018),
GPQA (Rein et al., 2023), MATH-500 (Hendrycks
et al., 2021), GSM8K (Cobbe et al., 2021),
LogiQA2 (Liu et al., 2023a), BBH (Suzgun et al.,
2023), bAbI (Weston et al., 2015), MBPP (Austin
et al., 2021), DROP (Dua et al., 2019) and
CoQA (Reddy et al., 2019). Multimodal perfor-
mance is evaluated on MMBench-EN (Liu et al.,
2024c), RealWorldQA (xAI, 2024), POPE (Li
et al., 2023c), MMMU (Yue et al., 2024) and MM-
Star (Chen et al., 2024).
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Table 3: Generalization across different LLM backbones. For each backbone, we report the original LLM, Vanilla
Tuning, and our method. We show representative language benchmarks and multimodal benchmarks. ∆ denotes
NeuPAT − Vanilla Tuning.

Backbone Method Language Benchmarks Multimodal Benchmarks

SIQA GSM8K BBH MBPP CoQA Avg. MMB RWQA MMMU POPE MMStar Avg.

LLM 40.38 40.56 33.39 27.40 57.57 39.86 – – – – – –
+ Vanilla Tuning 39.00 35.18 28.69 22.60 55.93 36.28 52.58 45.10 30.67 85.42 37.23 50.20
+ NeuPAT 40.33 40.11 33.44 28.20 59.42 40.30 52.52 44.75 32.67 84.26 37.07 50.25Qwen3-0.6B

∆ +1.33 +4.93 +4.75 +5.60 +3.49 +4.02 -0.06 -0.35 +2.00 -1.16 -0.16 +0.05

LLM 49.59 83.62 52.82 55.40 78.40 63.97 – – – – – –
+ Vanilla Tuning 46.11 73.92 40.04 47.60 65.23 54.58 50.52 45.10 36.78 77.16 30.58 48.03
+ NeuPAT 50.06 81.45 51.29 53.80 80.04 63.33 50.89 44.31 36.22 77.82 31.26 48.10Phi-4-Mini-Instruct

∆ +3.95 +7.53 +11.25 +6.20 +14.81 +8.75 +0.37 -0.79 -0.56 +0.66 +0.68 +0.07

LLM 51.59 76.50 45.81 47.60 78.74 60.05 – – – – – –
+ Vanilla Tuning 50.20 74.83 41.98 40.20 73.63 56.17 64.78 52.03 41.00 87.12 40.56 57.10
+ NeuPAT 55.89 78.70 47.53 42.80 78.80 60.74 64.64 52.01 42.56 86.54 40.37 57.22Qwen2.5-7B-Instruct

∆ +5.69 +3.87 +5.55 +2.60 +5.17 +4.57 -0.14 -0.02 +1.56 -0.58 -0.19 +0.12

LLM 49.85 78.17 44.59 58.40 77.83 61.77 – – – – – –
+ Vanilla Tuning 49.74 67.55 34.91 54.20 77.50 56.78 60.14 26.67 35.89 82.23 36.54 48.29
+ NeuPAT 49.95 74.55 41.68 56.80 80.48 60.69 61.94 44.97 36.22 80.90 33.94 51.59Llama3.1-8B-Instruct

∆ +0.21 +7.00 +6.77 +2.60 +2.98 +3.91 +1.80 +18.30 +0.33 -1.33 -2.60 +3.30

LLM 54.04 79.83 52.54 66.80 78.20 66.28 – – – – – –
+ Vanilla Tuning 51.23 79.30 39.87 65.60 74.44 62.09 75.17 56.34 47.67 87.27 50.26 63.34
+ NeuPAT 55.22 85.44 52.59 66.80 77.51 67.51 74.31 55.64 48.11 87.67 50.14 63.17Qwen2.5-14B-Instruct

∆ +3.99 +6.14 +12.72 +1.20 +3.07 +5.42 -0.86 -0.70 +0.44 +0.40 -0.12 -0.17

5.2 Experimental Results

5.2.1 Main Results
Tables 1 and 2 report results on 11 language and
5 multimodal benchmarks. Vanilla Tuning lowers
the language average from 48.99 to 43.92, with
drops exceeding 10 points on BBH, bAbI, and
MATH-500. NeuPAT recovers 5.14 points, reach-
ing 49.06 and slightly surpassing the original LLM,
with particularly strong gains on language and log-
ical reasoning tasks. Meanwhile, it maintains com-
parable multimodal performance, improving the
average from 60.98 to 61.05. Although WINGS
achieves the highest multimodal average, NeuPAT
provides the best overall language performance and
a stronger balance between language preservation
and multimodal adaptation.

5.2.2 Generalization across LLM Backbones
To evaluate cross-backbone generalization, we re-
place the default LLM with Qwen3-0.6B, Phi-
4-Mini-Instruct, Qwen2.5-7B/14B-Instruct, and
Llama3.1-8B-Instruct. Due to space limitations,
Table 3 reports five representative language bench-
marks, while the complete results are provided in
the appendix. Vanilla Tuning consistently degrades
language performance across all tested backbones,
whereas NeuPAT improves the reported text aver-
age over Vanilla Tuning by 4.02, 8.75, 4.57, 3.91,
and 5.42 points, respectively, while maintaining
comparable multimodal performance. For Qwen3-
0.6B and both Qwen2.5 backbones, NeuPAT even

surpasses the original LLM average. These consis-
tent improvements across different model families
and scales demonstrate that NeuPAT is not tied to
a specific language backbone.

5.2.3 Ablation Studies
Global vs. Neuron-Aware Update. We compare
NeuPAT with three global update schemes. Freeze
freezes all neurons, Update uniformly updates the
backbone, and Reg. applies the shared-neuron reg-
ularization globally. As shown in Table 5, global
strategies suffer from either limited multimodal
adaptation or insufficient language preservation.
NeuPAT achieves the best balance, obtaining lan-
guage and multimodal averages of 54.41 and 72.73,
demonstrating the effectiveness of neuron-wise up-
date allocation.

Neuron Allocation Strategy. We compare
importance-guided role allocation with Random
and Fixed-ratio baselines. Random preserves cate-
gory sizes but randomly assigns neuron roles, while
Fixed-ratio applies the same selection ratio across
layers. As shown in Table 6, NeuPAT consistently
outperforms both baselines, validating the impor-
tance of reliable neuron identification and layer-
adaptive allocation.

Neuron-Wise Update Constraint. We further
evaluate each role-specific update strategy by modi-
fying one constraint at a time. As shown in Table 4,
updating language-associated neurons decreases
text performance, while freezing vision-associated
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Table 4: Ablation of neuron-wise adaptation role allocation. ✓: full update, ×: freeze, Reg.: regularized update.

Variants Neuron Adaptation Role Language Benchmarks Multimodal Benchmarks

Lang. Multi. Shared Reserve GSM8K MBPP bAbI Avg. MMB RWQA POPE Avg.

w/o Language Freeze ✓ ✓ Reg. ✓ 83.90 64.80 5.87 51.52 72.11 57.30 87.20 72.20
w/o Multimodal Update × × Reg. ✓ 84.44 67.10 11.85 54.46 69.69 55.16 86.61 70.49

w/o Reserve Update × ✓ Reg. × 84.76 66.80 11.64 54.40 71.05 56.34 86.94 71.44
Shared Full Update × ✓ ✓ ✓ 83.61 64.00 9.94 52.52 72.34 57.25 87.27 72.29

Shared Freeze × ✓ × ✓ 85.06 67.20 15.16 55.81 69.93 55.03 87.30 70.75
Ours × ✓ Reg. ✓ 85.97 66.60 10.67 54.41 72.48 56.99 88.72 72.73

Table 5: Ablation of global update schemes and role-
aware update allocation.

Update Language Benchmarks Multimodal Benchmarks

strategy GSM8K MBPP bAbI Avg. MMB RWQA POPE Avg.

Freeze 86.05 67.10 13.65 55.60 68.64 53.99 86.03 69.55
Update 83.47 62.60 2.68 49.58 72.08 56.60 87.69 72.12

Reg. 84.99 65.50 9.33 53.27 72.08 54.25 86.03 70.79
Ours 85.97 66.60 10.67 54.41 72.48 56.99 88.72 72.73

Table 6: Ablation of neuron role allocation strategies.

Allocation Language Benchmarks Multimodal Benchmarks

strategy GSM8K MBPP bAbI Avg. MMB RWQA POPE Avg.

Random 83.69 65.40 1.94 50.34 69.76 54.51 87.52 70.60
Fixed-ratio 84.90 66.20 10.24 53.78 72.16 57.25 87.28 72.23

Ours 85.97 66.60 10.67 54.41 72.48 56.99 88.72 72.73

or reserve neurons limits multimodal adaptation.
For shared neurons, full updating harms language
preservation and full freezing sacrifices multimodal
performance. These results support the proposed
strategy of freezing language neurons, updating
multimodal and reserve neurons, and regularizing
shared neurons.

5.2.4 Neuron Distribution Visualization
We visualize the assigned neuron roles and their
layer-wise distributions in Figure 4. As shown in
Figure 4(a), the resulting neuron map is closely
consistent with the modality-associated response
patterns observed in Figure 2. Language-associated
neurons are concentrated in text-preferred regions,
whereas multimodal-adaptive neurons primarily oc-
cupy vision-preferred regions. In contrast, shared
and reserve neurons are located mainly in balanced-
response regions, but differ markedly in their over-
all response strength: shared neurons respond
strongly to both input types, while reserve neurons
remain weakly engaged and may provide under-
utilized capacity for multimodal adaptation. Fig-
ure 4(b) further shows that shared neurons consti-
tute the largest group in most layers, accounting
for approximately 45%, while language-associated
and multimodal-adaptive neurons each represent
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Figure 4: Layer-wise adaptation role distribution.
(a) Adaptation roles identified by importance-guided
allocation. (b) Layer-wise proportions of neuron roles.

around 20%, and reserve neurons account for
roughly 15%. These consistent yet layer-dependent
distributions reveal substantial heterogeneity in
neuron functionality and adaptation capacity, sup-
porting the need for layer-adaptive neuron alloca-
tion and differentiated plasticity control within the
LLM backbone.

6 Conclusion

Multimodal expansion enables LLMs to acquire
capabilities beyond language, but may compro-
mise the language intelligence inherited from pre-
training. We show that this degradation stems
from heterogeneous adaptation behaviors within
the pretrained LLM backbone and introduce Neu-
PAT, a neuron-aware update allocation framework
for capability-preserving multimodal tuning. By
selectively regulating neuron update flexibility, Ne-
uPAT balances language preservation and multi-
modal adaptation without additional data, architec-
tural changes, or post-training merging. Experi-
ments across diverse LLM backbones demonstrate
that NeuPAT is an efficient, architecture-agnostic
solution for reliable LLM-to-MLLM expansion.
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7 Limitations

NeuPAT has several limitations. First, although we
evaluate it across diverse LLM families and model
scales, its effectiveness on substantially larger back-
bones remains unverified. Larger models may ex-
hibit more distributed and complex adaptation pat-
terns, and the current neuron-wise role allocation
mechanism may require further investigation at
greater scale. Second, our experiments focus on
vision-language expansion. Extending NeuPAT to
other modalities, such as audio, video, embodied
interaction, or unified multimodal systems, may in-
troduce different alignment dynamics and modality
interactions, potentially requiring modality-specific
importance estimation and update strategies. Fi-
nally, this work considers a single-stage multi-
modal expansion process. In continual or sequen-
tial learning scenarios, newly introduced modal-
ities and tasks may interact with both pretrained
language capabilities and previously acquired mul-
timodal knowledge. Developing mechanisms for
stable long-term capability accumulation without
progressive interference remains an important di-
rection for future research.

8 Ethical Considerations

All training data and evaluation experiments in
this work are based on publicly available datasets
and benchmarks. And we emphasize that the pro-
posed neuron allocation strategies are response-
based functional approximations rather than causal
explanations of model behavior. Models trained
with NeuPAT should therefore undergo standard
safety, fairness, and robustness evaluations before
deployment, especially in high-stakes applications.
AI tools were used only for language polishing.
All research ideas, experiments, analyses, and
manuscript organization were completed by the
authors.
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Algorithm 1 NeuPAT Training Procedure

Require: Aligned model Θ0, probing sets
DT ,DV , training set Dori, thresholds τT , τV

Ensure: Tuned model Θ
1: Compute text and vision response scores
{sTl,u, sVl,u} using DT and DV

2: for each layer l do
3: Select important sets Tl and Vl using cu-

mulative importance thresholds τT and τV
4: Ctextl ← Tl \ Vl
5: Cvisionl ← Vl \ Tl
6: Chighl ← Tl ∩ Vl
7: Clowl ← Tl ∪ Vl
8: end for
9: Θ← Θ0

10: for each minibatch B ⊂ Dori do
11: Compute Lori and L = Lori +Rhigh

12: Freeze text neurons, update vision and low
response neurons with Lori, and update high
response neurons with L

13: end for
14: return Θ

A Method Details

A.1 Overall Algorithm

The complete pseudocode of our NeuPAT method
is shown in Algorithm 1.

B Additional Related Work

B.1 Neuron-Level Analysis

Recent studies have investigated the functional
specialization of individual neurons in language
and multimodal models. Fu et al. (Fu et al.,
2026) reveal that knowledge in MLLMs can be
distributed across decoupled modality-specific neu-
ron pathways and localize these neurons to improve
knowledge editing under different modality inputs.
Zhao et al. (Zhao et al., 2026) identify emotion-
sensitive neurons in large audio-language models
and causally validate their roles through neuron
suppression and activation steering. For multi-
modal unlearning, Liu et al. (Liu et al., 2025) lo-
cate neurons according to their relative importance
across modalities and selectively prune them to re-
move targeted knowledge while preserving general
model utility. MNAFT (Li et al., 2026) identifies
modality-relevant neurons using activation and gra-
dient information and selectively fine-tunes them
for image translation to reduce interference across
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Table 7: Training configurations for the two-stage
pipeline.

Configuration Stage 1:
Alignment

Stage 2:
Instruction Tuning

Dataset LLaVA-558K LLaVA-NeXT-780K
Training steps 2,500 3,500

Trainable modules Adapter only
LLM, adapter,

and vision encoder
Global batch size 8 224
Micro-batch size 1 1
Gradient accumulation 1 28
Number of GPUs 8 8
Peak learning rate 1× 10−4 1× 10−5

Minimum learning rate 1× 10−6 1× 10−6

Warmup ratio 0.002 0.002

Optimizer
Adam (β1 = 0.9, β2 = 0.99,

ϵ = 10−5)
LR scheduler Cosine decay
Weight decay 0
Gradient clipping 1.0
Precision BF16
Sequence length 32,768
Tensor / pipeline parallelism 1 / 1
Image resolution Default 1,000
Offline packing Enabled Disabled

languages and modalities. Qin et al. (Qin et al.,
2025) further show that LLMs contain ultra-sparse
critical neurons whose perturbation can severely
impair overall language ability.

These studies associate neuron-level structures
with modality-specific knowledge, task behaviors,
and fundamental model capabilities, but primarily
focus on knowledge editing, emotion control, un-
learning, task-specific image translation, or vulner-
ability analysis. In contrast, we study neuron-wise
adaptation dynamics during general multimodal
learning. NeuPAT uses lightweight text and vi-
sion probing to estimate heterogeneous neuron re-
sponses, followed by neuron adaptation role al-
location and role-aware multimodal tuning. By
protecting language-sensitive neurons, promoting
adaptation through vision-responsive and under-
utilized neurons, and regularizing neurons impor-
tant to both text and vision, NeuPAT preserves pre-
trained language capabilities while supporting mul-
timodal learning.

C Detailed Experimental Setup

C.1 Probing Sets

We construct separate text-only and vision prob-
ing sets to estimate modality-specific neuron re-
sponses. The vision probing set contains NV =
2048 samples randomly drawn from LLaVA-NeXT-
780K (Liu et al., 2024b). The text probing set con-

tains NT = 2048 prompts sampled from publicly
available general-domain text datasets that are dis-
joint from all evaluation benchmarks. To improve
coverage, we include prompts from instruction-
following, factuality, and general reasoning do-
mains, including CodeAlpaca-20k (Chaudhary,
2023), MetaMathQA (Yu et al., 2023), databricks-
dolly-15k (Conover et al., 2023) and HaluEval (Li
et al., 2023b). We allocate samples evenly across
data sources. When a source contains fewer sam-
ples than its assigned quota, the remaining quota is
redistributed among the other sources.

Both probing sets are used solely for forward-
pass activation statistics. They do not contribute
to the training objective or parameter updates. We
use the same processor and chat-template pipeline
for both sets, while providing images only for the
vision probing samples.

C.2 Training Details
As shown in Table 7, we follow a two-stage train-
ing pipeline. In Stage 1, we perform image-text
alignment on LLaVA-558K for 2,500 steps, where
only the multimodal adapter is optimized. We use
a global batch size of 8 on 8 A100 GPUs, with a
micro-batch size of 1. The peak learning rate is
1 × 10−4 and is decayed to 1 × 10−6 using a co-
sine schedule. The warmup ratio is set to 0.002,
corresponding to approximately 5 warmup steps.

In Stage 2, we conduct visual instruction tun-
ing on LLaVA-NeXT-780K for 3,500 steps. The
language model, multimodal adapter, and vision
encoder are included in optimization, while Neu-
PAT applies plasticity-guided multimodal tuning
strategies to the neurons in the language backbone.
Training is performed on 8 A100 GPUs with a
global batch size of 224, a micro-batch size of
1, and 28 gradient-accumulation steps. The peak
learning rate is 1× 10−5, with the same minimum
learning rate of 1 × 10−6 and a warmup ratio of
0.002. Both stages use Adam with β1 = 0.9,
β2 = 0.99, and ϵ = 10−5, together with cosine
learning-rate decay, zero weight decay, and gradi-
ent clipping at 1.0.

C.3 Baseline Implementations
LoRA. LoRA (Hu et al., 2022) inserts trainable
low-rank adapters into selected linear layers while
freezing the original parameters. We set the rank
to r = 32, the scaling factor to α = 64, and the
learning rate to 1 × 10−4. The model is trained
on the same multimodal instruction data as Vanilla
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Table 8: Sensitivity analysis of the target importance mass τa on language and multimodal benchmarks. The selected
threshold τa = 0.8 is highlighted.

τa
Language Benchmarks Multimodal Benchmarks

SIQA ARC-C GPQA MATH GSM8K LogiQA2 BBH bAbI MBPP DROP CoQA Avg. MMB RWQA MMMU POPE MMStar Avg.

0.6 49.54 56.57 35.27 54.40 84.84 36.77 53.46 5.87 65.40 14.57 69.12 47.80 73.28 57.65 43.22 87.59 46.20 61.59
0.7 50.51 56.40 36.16 55.60 85.14 35.37 53.17 11.88 66.60 14.37 69.85 48.64 72.51 57.52 43.67 87.04 45.59 61.27
0.8 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05
0.9 49.69 55.97 35.71 55.40 86.43 35.69 53.51 13.99 67.80 15.11 70.63 49.08 71.39 54.77 43.11 86.73 43.47 59.89

Table 9: Sensitivity analysis of the size of probing set on language and multimodal benchmarks. The selected size
2048 is highlighted.

Na
Language Benchmarks Multimodal Benchmarks

SIQA ARC-C GPQA MATH GSM8K LogiQA2 BBH bAbI MBPP DROP CoQA Avg. MMB RWQA MMMU POPE MMStar Avg.

512 50.05 57.08 35.94 53.40 85.97 36.20 52.85 10.41 67.00 15.18 70.45 48.59 72.39 57.25 41.33 87.00 46.17 60.83
1024 50.36 56.83 35.94 52.00 84.76 36.07 54.12 14.89 67.00 14.17 70.32 48.77 71.99 56.73 43.11 87.28 44.47 60.72
2048 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05
4096 50.56 56.40 35.94 52.22 85.44 37.15 53.39 11.16 67.20 13.89 70.62 48.54 70.88 56.99 42.56 87.13 45.89 60.69

Tuning.

EWC. EWC (Kirkpatrick et al., 2017) estimates
parameter importance using the diagonal Fisher
information and penalizes changes to important
parameters. We estimate the Fisher information
at the shared Stage-1 checkpoint using 2,048 text-
only instruction samples that are disjoint from all
evaluation benchmarks. The Fisher statistics are
averaged over samples, and the EWC penalty is
applied only to the language-model parameters.
We search λEWC over {0.1, 1, 10, 100} and select
λEWC = 10 according to the text-multimodal per-
formance. All remaining training settings are iden-
tical to Vanilla Tuning.

WINGS. WINGS (Zhang et al., 2024) introduces
parallel visual and textual learners into attention
layers to reduce over-reliance on visual tokens.
Their outputs are fused with the original attention
output through a learned router. We reproduce
WINGS using the architecture and hyperparameter
settings recommended in the original paper.

TIES. TIES (Ratzlaff et al., 2024) is a training-
free merging method that sparsifies the task vector
between the visually tuned model and the orig-
inal LLM. We follow the original paper for the
task-vector density, merge coefficient, and merging
procedure.

Locate-then-Merge. Locate-then-Merge (Yu
and Ananiadou, 2025) identifies high-impact
neurons from parameter changes, suppresses
low-impact updates, and restores selected neurons
through replacement or rescaling. We follow

the original paper for the neuron-retention ratio,
parameter-sparsification ratio, restoration strategy,
and associated coefficients. The hyperparameters
are selected from the recommended ranges
reported by the authors.

PlaM. PlaM (Wang et al., 2026) locates a plateau
layer through layer-wise vision-token masking and
merges subsequent layers with the original LLM.
We follow the original paper to determine the
plateau layer and search the merge coefficients
within its recommended range. Earlier visual-
alignment layers remain unchanged, while the se-
lected later layers are linearly merged with the orig-
inal language backbone.

D Additional Experimental Results

D.1 Sensitivity Analysis
All sensitivity analyses are conducted after fixing
the default configuration used in the main exper-
iments. We vary one hyperparameter at a time
while keeping all other settings unchanged. These
experiments are intended to evaluate robustness.

Target Importance Mass τa. We analyze the
sensitivity to the target importance mass τa used
in neuron adaptation role allocation. As shown in
Table 8, language performance generally improves
as τa increases. A larger τa retains more cumu-
lative response mass for each modality, thereby
expanding the selected neuron sets and reducing
the proportion of low response neurons. This tends
to assign more neurons to text-related or high re-
sponse neurons, strengthening language preserva-
tion but leaving less unconstrained capacity for
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Table 10: Sensitivity analysis of the high response neuron regularization coefficients λin and λout. The selected
setting λin = λout = 0.1 is highlighted.

λin = λout
Language Benchmarks Multimodal Benchmarks

SIQA ARC-C GPQA MATH GSM8K LogiQA2 BBH bAbI MBPP DROP CoQA Avg. MMB RWQA MMMU POPE MMStar Avg.

0.05 50.26 57.42 36.61 52.60 85.97 34.41 52.02 10.09 67.00 15.58 69.70 48.33 72.68 57.91 42.11 87.19 46.29 61.24
0.1 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05
0.5 50.31 56.57 37.28 54.20 84.08 36.26 52.79 13.86 68.00 14.75 70.78 48.99 71.65 56.21 43.00 87.41 45.82 60.82
1.0 50.41 56.14 37.05 55.60 85.90 36.26 52.30 13.38 66.60 13.71 70.85 48.93 71.65 55.95 43.22 87.41 44.87 60.62

Table 11: Complete cross-backbone results on 11 language and 5 multimodal benchmarks. “LLM” denotes the
original language backbone before multimodal training.

Task Qwen3-0.6B Phi-4-Mini-Instruct Qwen2.5-7B-Instruct Llama3.1-8B-Instruct Qwen2.5-14B-Instruct

LLM Vanilla Tuning NeuPAT LLM Vanilla Tuning NeuPAT LLM Vanilla Tuning NeuPAT LLM Vanilla Tuning NeuPAT LLM Vanilla Tuning NeuPAT

Language Benchmarks

MATH-500 14.00 13.80 13.40 39.20 32.00 34.00 44.40 28.00 35.20 36.80 28.80 35.80 43.40 25.60 39.00
BBH 33.39 28.69 33.44 52.82 40.04 51.29 45.81 41.98 47.53 44.59 34.91 41.68 52.54 39.87 52.59
bAbI 2.50 1.93 2.21 2.65 1.06 2.78 2.71 0.60 2.56 0.00 0.14 0.81 1.17 0.03 1.48
MBPP 27.40 22.60 28.20 55.40 47.60 53.80 47.60 40.20 42.80 58.40 54.20 56.80 66.80 65.60 66.80
LogiQA2 30.34 28.75 30.79 36.07 30.79 35.08 40.20 35.18 40.52 38.36 31.87 37.45 42.88 37.47 40.14
GSM8K 40.56 35.18 40.11 83.62 73.92 81.45 76.50 74.83 78.70 78.17 67.55 74.55 79.83 79.30 85.44
DROP 12.32 6.12 9.80 16.01 13.39 16.94 16.22 7.13 11.69 12.05 7.15 11.53 20.60 20.60 26.41
CoQA 57.57 55.93 59.42 78.40 65.23 80.04 78.74 73.63 78.80 77.83 77.50 80.48 78.20 74.44 77.51
SocialIQA 40.38 39.00 40.33 49.59 46.11 50.06 51.59 50.20 55.89 49.85 49.74 49.95 54.04 51.23 55.22
GPQA 29.69 27.90 29.12 30.58 30.13 31.70 34.38 32.37 34.38 34.60 31.03 33.81 36.83 35.04 36.16
ARC-C 34.39 34.04 36.09 58.45 58.36 58.70 55.29 52.65 54.10 53.41 53.24 53.33 60.41 60.41 61.26

Text Avg. 29.32 26.72 29.36 45.71 39.88 45.08 44.86 39.71 43.83 44.01 39.65 43.29 48.79 44.51 49.27

Multimodal Benchmarks

MMBench-EN – 52.58 52.52 – 50.52 50.89 – 64.78 64.64 – 60.14 61.94 – 75.17 74.31
RealWorldQA – 45.10 44.75 – 45.10 44.31 – 52.03 52.01 – 26.67 44.97 – 56.34 55.64
MMMU – 30.67 32.67 – 36.78 36.22 – 41.00 42.56 – 35.89 36.22 – 47.67 48.11
POPE – 85.42 84.26 – 77.16 77.82 – 87.12 86.54 – 82.23 80.90 – 87.27 87.67
MMStar – 37.23 37.07 – 30.58 31.26 – 40.56 40.37 – 36.54 33.94 – 50.26 50.14

MM Avg. – 50.20 50.25 – 48.03 48.10 – 57.10 57.22 – 48.29 51.59 – 63.34 63.17

multimodal adaptation. Consequently, multimodal
performance gradually declines at larger values
of τa. The results support our default choice of
τa = 0.8, which achieves a favorable balance be-
tween language preservation and multimodal adap-
tation.

Probing Set Size. We further examine the sen-
sitivity of NeuPAT to the number of samples in
each probing set. As shown in Table 9, the over-
all performance is relatively stable across differ-
ent sizes, with variations of only 0.52 and 0.36
points in the text and multimodal averages, respec-
tively. Increasing Na from 512 to 2048 generally
improves performance, and Na = 2048 achieves
the best averages on both language and multimodal
benchmarks. Further increasing the size to 4096
provides no additional benefit, indicating diminish-
ing returns from additional probing samples. The
results support Na = 2048 as a reasonable default
while showing that NeuPAT is relatively insensitive
to the probing-set size.

High Response Neuron Regularization Coeffi-
cients. We study the sensitivity to the high re-
sponse neuron regularization coefficients by setting

λin = λout. As shown in Table 10, a weak con-
straint of 0.05 achieves the highest multimodal av-
erage but lower language performance. Increasing
the coefficients beyond 0.1 provides no further text
improvement and gradually reduces multimodal
performance. These results support our default
setting of λin = λout = 0.1, which provides a
favorable text-multimodal trade-off.

D.2 Complete Cross-Backbone Results

Due to space limitations, the main text reports re-
sults on five representative language benchmarks.
Table 11 provides the complete results on all 11
language and 5 multimodal benchmarks. Vanilla
Tuning consistently degrades the average language
performance across all tested language backbones.
In contrast, NeuPAT improves over Vanilla Tun-
ing by 2.64, 5.20, 4.12, 3.64, and 4.76 points
on Qwen3-0.6B, Phi-4-Mini-Instruct, Qwen2.5-
7B-Instruct, Llama3.1-8B-Instruct, and Qwen2.5-
14B-Instruct, respectively. It also recovers the
original LLM average within approximately one
point for all backbones and slightly surpasses it
on Qwen3-0.6B and Qwen2.5-14B-Instruct. Mean-
while, multimodal performance remains compa-
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Table 12: Complete ablation results on 11 language and 5 multimodal benchmarks. Variants are grouped by
global update strategy, neuron allocation, and neuron-wise plasticity allocation strategies. The complete NeuPAT
configuration is repeated and highlighted in each group for comparison.

Variant Language Benchmarks Multimodal Benchmarks

SIQA ARC-C GPQA MATH GSM8K LogiQA2 BBH bAbI MBPP DROP CoQA Avg. MMB RWQA MMMU POPE MMStar Avg.

(a) Global vs. Neuron-Aware Update
Global Freeze 49.33 56.06 37.72 61.20 86.05 34.29 53.57 13.65 67.10 14.90 70.37 49.48 68.64 53.99 41.33 86.03 43.08 58.61
Uniform Update (Vanilla Tuning) 46.78 55.72 34.15 50.40 83.47 32.95 37.12 2.68 62.60 9.90 67.37 43.92 72.08 56.60 43.11 87.69 45.40 60.98
Global Reg. 49.33 56.14 36.83 54.40 84.99 34.73 55.23 9.33 65.50 9.68 70.15 47.85 72.08 54.25 42.56 86.03 43.91 59.77
NeuPAT 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05

(b) Neuron Allocation Strategy
Random Partition 49.33 55.55 36.16 55.40 83.69 34.41 54.32 1.94 65.40 9.67 69.42 46.84 69.76 54.51 43.33 87.52 44.47 59.92
Fixed-ratio Partition 50.26 56.23 35.49 53.20 84.90 35.94 52.85 10.24 66.20 10.11 69.85 47.75 72.16 57.25 41.33 87.28 43.26 60.26
NeuPAT 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05

(c) Neuron-Wise Update Constraint
w/o Text Freeze 49.80 55.29 35.71 52.60 83.90 36.64 52.96 5.87 64.80 10.39 70.23 47.11 72.11 57.30 42.33 87.20 45.68 60.92
w/o Vision Update 50.41 55.63 36.16 53.20 84.44 36.45 53.99 11.85 67.10 12.77 70.20 48.38 69.69 55.16 42.44 86.61 44.04 59.59
w/o Low Response Update 49.74 56.31 37.28 53.00 84.76 35.88 53.89 11.64 66.80 9.96 70.13 48.13 71.05 56.34 42.67 86.94 45.72 60.54
High Response Full Update 48.41 55.46 34.15 53.60 83.61 37.47 52.40 9.94 64.00 11.99 67.82 47.17 72.34 57.25 42.78 87.27 44.72 60.87
High Response Freeze 49.90 56.66 37.05 55.80 85.06 35.37 53.29 15.16 67.20 13.70 70.48 49.06 69.93 55.03 42.67 87.30 45.10 60.01
NeuPAT 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05

(d) High Response Neuron Regularization Design
l2-l2 50.00 55.57 37.95 55.20 85.22 36.13 52.97 11.41 66.20 13.06 69.45 48.47 72.20 57.65 42.00 87.84 46.07 61.15
cos-cos 50.05 56.66 37.28 54.20 84.99 36.51 52.34 8.44 67.40 14.51 69.62 48.36 72.16 56.99 42.78 87.37 44.50 60.76
cos-l2 50.00 56.91 36.38 54.60 85.22 36.07 53.26 15.60 67.00 13.40 69.75 48.93 72.51 55.29 43.44 87.14 45.26 60.73
NeuPAT (l2-cos) 50.26 56.91 37.27 56.40 85.97 36.39 53.88 10.67 66.60 15.74 69.53 49.06 72.48 56.99 42.22 88.72 44.85 61.05

rable to Vanilla Tuning, with particularly notable
gains on Llama3.1-8B-Instruct. Although the im-
provements vary across individual tasks, the overall
results confirm that NeuPAT generalizes across dif-
ferent model families and scales.

D.3 Complete Ablation Results
Complete Results for the Main-Text Ablations.
Table 12 reports the complete results for the three
ablation groups presented in the main text. Global
update strategies reveal the trade-off between lan-
guage preservation and multimodal adaptation. Al-
ternative partitioning strategies verify the impor-
tance of neuron adaptation role allocation, while
the update-strategy ablations demonstrate the role
of each neuron set. The complete results are con-
sistent with the conclusions drawn from the repre-
sentative benchmarks in the main text.

High Response Neuron Regularization Design.
We further compare different input- and output-
side regularization combinations for high response
neurons. As shown in Table 12(d), l2-l2 achieves
slightly higher multimodal performance but lower
text performance, while cos-cos and cos-l2 yield
weaker overall trade-offs. The proposed l2-cos
design obtains the highest text average while main-
taining near-best multimodal performance, provid-
ing the most balanced result. This suggests that
input-side parameters benefit from magnitude con-
straints, whereas output-side parameters are better
regularized by preserving their transformation di-
rections.

D.4 Additional Neuron Visualizations
D.4.1 Neuron Distribution across LLM

Backbones
Figure 5 compares the layer-wise distributions of
the neuron sets identified by importance-guided
allocation across different LLM backbones. Al-
though their proportions vary across model fami-
lies, scales, and layers, text-critical, vision-critical,
high response, and low response neurons consis-
tently coexist throughout the backbone, with high
response neurons generally forming the largest set.
Some models exhibit stronger fluctuations in early
layers, while later layers tend to show more stable
distributions. These consistent yet heterogeneous
patterns suggest that neuron-wise adaptation dy-
namics generalize across backbones, supporting
the architecture-agnostic applicability of NeuPAT.
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Figure 5: Layer-wise neuron distributions across LLM backbones. High response neurons form the largest
group in most layers, while the others vary across models and depths.
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