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Abstract

Fine-tuning Vision-Language Models (VLMs)
is a common practice to adapt pre-trained
models for downstream tasks. Yet existing
fine-tuning methods consistently keep the pre-
trained architecture intact, leaving open the
question of whether maintaining such structural
integrity is truly necessary for effective adap-
tation. To investigate this, we propose Divide-
and-Adapt, a new fine-tuning paradigm that de-
parts from preserving the full pre-trained struc-
ture. It first divides the pre-trained model into
multiple downstream-oriented subnetworks,
and then adapts them collaboratively through
a routing-based coordination mechanism. This
design facilitates the selection of structures
that are most beneficial for downstream tasks
and enables their collaborative integration. Re-
markably, even without any task-specific train-
ing, our Divide-and-Adapt framework first di-
vides the pre-trained model into downstream-
oriented subnetworks and adaptively activates
them for downstream inference, already out-
performing the pre-trained model on down-
stream tasks. With further fine-tuning, Divide-
and-Adapt surpasses both full fine-tuning and
parameter-efficient baselines across multiple
benchmarks, demonstrating its effectiveness.
Our code will be made publicly available at
https://github.com/haiiling/Divide And Adapt.

1 Introduction

Vision Language Models (VLMs) (Chen et al.,
2024; Lin et al., 2024; Liu et al., 2024a; Lu et al.,
2026a) achieve strong generalization across diverse
visual tasks (Wang et al., 2020; Li et al., 2019; Fei
et al., 2024) due to large-scale multimodal pretrain-
ing. However, in practical applications, VLMs still
require further adaptation, as downstream tasks of-
ten exhibit domain shifts. This creates a practical
dilemma: how to leverage the strong pretrained

“This work was conducted during an internship at Wyze
Labs, Inc.

knowledge of VLMs while achieving effective task
specialization without incurring prohibitive fine-
tuning costs. A straightforward strategy to adapt
VLMs is to fully fine-tune all model parameters.
However, as model scale grows, this approach be-
comes impractical due to high computational and
memory costs.

To improve efficiency, various parameter-
efficient fine-tuning (PEFT) methods (Xu et al.,
2023; Han et al., 2024; Wang et al., 2025a) have
been developed, which can be broadly categorized
into three types. The first category, prompt-based
tuning (Cui et al., 2022; Zhu et al., 2023), intro-
duces learnable prompts to steer pretrained mod-
els toward downstream tasks while keeping back-
bone weights frozen. A second category inserts
lightweight adapter (He et al., 2021; Chen et al.,
2023) modules into transformer layers, enabling
task-specific learning without modifying the origi-
nal architecture. The third category, represented by
Low-Rank Adaptation (LoRA) (Hu et al., 2022),
applies low-rank updates to selected weight ma-
trices, providing strong adaptation capability with
minimal additional parameters. Despite their ef-
ficiency, these PEFT methods often fall short of
full fine-tuning on complex downstream tasks (Sun
et al., 2022; Sundaram et al., 2019).

All these methods, including full fine-tuning and
PEFT, operate under the paradigm that the pre-
trained model should be kept intact during down-
stream fine-tuning. However, it remains unclear
whether maintaining the full structure is necessary
for effective task transfer. In other words, rather
than treating the pretrained model as an insepara-
ble whole, can we divide the pretrained model to
locate task-relevant subnetworks and adapt only
these subnetworks for downstream tasks?

Model pruning offers a practical way to divide
a pretrained model into subnetworks by selecting
a subset of parameters while preserving their func-
tional structure. Prior work (Sreenivas et al., 2024,
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Figure 1: Performance comparison across fine-tuning
strategies and zero-shot settings.

Jeddi et al., 2025) has shown that a carefully se-
lected sparse subnetwork can retain most of the
original model’s performance, indicating that sub-
stantial capability can be concentrated within only
part of the network. While pruning is motivated by
model compression, it offers an important concep-
tual insight for downstream adaptation: pretrained
models already contain subnetworks with strong
representational capacity, and uncovering such sub-
networks may enable more targeted and efficient
fine-tuning than updating the full model. However,
existing pruning approaches (Jiang et al., 2025;
Federici et al., 2024) typically focus on discover-
ing a single winning subnetwork, which may limit
representational diversity and capacity for complex
downstream tasks. In contrast, we explore whether
multiple complementary subnetworks can be ex-
tracted from pretrained VLMs and jointly adapted.
To realize this idea, we draw inspiration from the
Mixture-of-Experts (MoE) (Zadouri et al., 2023;
Puigcerver et al., 2023) paradigm, which provides
a way to coordinate multiple subnetworks. Specifi-
cally, MoE introduces a lightweight gating network
that dynamically routes each input to the most rel-
evant experts, allowing the model to selectively
activate different path for different types of inputs.

Building on this idea, we introduce a Divide-and-
Adapt fine-tuning paradigm. Instead of preserving
the entire dense pretrained architecture, we first di-
vide the model by extracting several task-relevant
subnetworks. Each subnetwork inherits useful rep-
resentations for downstream tasks, and we subse-
quently adapt them jointly to enhance cooperation
and specialization during fine-tuning. To evaluate
the effectiveness of our approach, we conduct ex-
periments on both public benchmark and a practical
task. As shown in Figure 1a, our method outper-

forms both full fine-tuning and LoRA fine-tuning,
demonstrating stronger adaptation capability on
downstream tasks. Moreover, even without any
fine-tuning, as shown in Figure 1b we observe that
directly initializing our model with multiple sub-
networks extracted from the pretrained backbone
already achieves better downstream performance
than the original pretrained model in the zero-shot
setting. This finding suggests that dividing a pre-
trained model into diverse subnetworks inherently
provides a stronger starting point for adaptation.
To summarize, our main contributions are:

* We propose a novel fine-tuning paradigm that
divides a pretrained dense model into multiple
task-relevant subnetworks and subsequently
adapts them jointly. This design diverges from
traditional fine-tuning by explicitly modeling
subnetwork cooperation and specialization.

* We introduce a strategy to extract diverse sub-
networks from the pre-trained model, promot-
ing complementary representations for coop-
erative and specialized fine-tuning.

* Extensive experiments on both public bench-
mark and a practical task demonstrate that
DA-MOoE achieves superior performance com-
pared to existing fine-tuning methods on
downstream tasks.

2 Related Works

2.1 PEFT For VLM

Vision Language Models (VLMs) (Chen et al.,
2024; Bai et al., 2023; Lu et al., 2026b) have shown
strong performance across multimodal tasks such
as image captioning (Yang et al., 2023; Luu et al.,
2024), visual question answering (Antol et al.,
2015; Hu et al., 2024), and video understanding
(Hong et al., 2024; Weng et al., 2024). However,
despite their strong generalization ability, effec-
tively fine-tuning VLMs for downstream applica-
tions remains challenging. Fully fine-tuning all
model parameters is a straightforward approach,
but as model size continues to grow, this strat-
egy becomes increasingly computationally expen-
sive in both time and memory. To address this
limitation, parameter-efficient fine-tuning (PEFT)
techniques have been introduced. Among them,
LoRA (Hu et al., 2022) is widely adopted for
efficiently adapting pre-trained models through
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low-rank weight updates while keeping the back-
bone frozen and adding negligible inference over-
head. Besides LoRA, several variants have been
developed to further improve parameter efficiency.
VeRA (Kopiczko et al., 2023) replaces trainable
low-rank matrices in LoORA with fixed random ma-
trices and learns only small scaling vectors, further
reducing trainable parameters. Tied-LoRA (Ren-
duchintala et al., 2024) further improves parameter
efficiency by sharing the same low-rank projec-
tion matrices across multiple layers, avoiding sepa-
rate LoRA parameters per layer while maintaining
strong fine-tuning performance. AdaLoRA (Zhang
et al., 2023) dynamically adjusts the low-rank ca-
pacity by applying SVD to LoRA updates and dis-
carding less informative singular directions, reallo-
cating the rank budget to more important layers for
improved parameter efficiency. DoRA (Liu et al.,
2024b) decomposes pretrained weights into mag-
nitude and direction, applying low-rank adaptation
only to the directional component. This preserves
pretrained weight scales, while enabling effective
task—specific updates. While these techniques pro-
vide substantial parameter and computational sav-
ings, they generally fail to surpass, and often lag
behind, the performance of fully fine-tuned mod-
els especially when tackling complex downstream
tasks (He, 2024).

2.2 Model pruning

A large body of work has explored network re-
dundancy (Wang et al., 2026, 2025b) and demon-
strated that deep networks can be pruned without
sacrificing performance (Gale et al., 2019; Elsen
et al., 2020). The lottery ticket hypothesis (Fran-
kle and Carbin, 2018) further revealed that over-
parameterized neural networks contain sparse sub-
networks capable of training to full accuracy when
properly initialized, highlighting that useful sub-
networks can exist within dense architectures. In
large models, recent techniques have similarly in-
vestigated extracting effective subnetworks. Wanda
(Sun et al., 2023) identifies subnetworks by rank-
ing connections according to the product of their
weight magnitude and activation strength, retaining
those that contribute most to the model’s effective
computation pathways. Connections with low joint
influence are removed, yielding a sparse subnet-
work that preserves the model’s forward signal-
ing behavior while discarding minimally relevant
structure. SparseGPT (Frantar and Alistarh, 2023)
identifies subnetworks by preserving connections

that are most critical for maintaining the pretrained
model’s layer-wise behavior. It estimates the im-
pact of removing each connection on local recon-
struction error, retaining those that best preserve
the model’s functional mapping while discarding
weights with minimal contribution. This process
yields a sparse subnetwork that faithfully maintains
pretrained computational structure while still al-
lowing downstream specialization.

3 Methods

We compare our method with full fine-tuning and
LoRA fine-tuning, as illustrated in Figure 2. In
full fine-tuning, all parameters of the pre-trained
model are updated while the original architecture
remains unchanged. In contrast, LoORA fine-tuning
freezes the pre-trained weights and trains only a
small set of additional low-rank parameters while
preserving the original model structure. Both ap-
proaches maintain the complete architecture of the
pre-trained model during adaptation. In contrast,
our method fine-tunes only a set of subnetworks
rather than the entire model. These subnetworks are
derived from the pre-trained backbone and jointly
adapted through a routing mechanism that dynami-
cally selects which subnetworks to activate for each
input. We refer to this design as DA-MoE.

To clearly illustrate our approach, we introduce
its two key blocks: model pruning and MoE. We
first present the fine-tuning workflow, describing
how it transitions from the pre-trained model, and
then provide details on how multiple subnetworks
are selected from the dense architecture. Finally,
we describe the continued training strategy that
adapts these subnetworks to downstream tasks and
enables dynamic routing among them.

3.1 Preliminaries

Model Pruning. Model pruning removes redun-
dant parameters from a network while preserving
its performance. Given network weights W =
{wo, Wi, ,’U)K}, a dataset D = {(.I‘Z, yi)}fil,
and a desired total number of non-zero weights
k < K, model pruning seeks a sparse subnetwork
that minimizes the loss:

N
M . —_— 3 1 . . .
min L(W;D) = min ZZ;E(W, (i, v4)) )
st |[W]lo < .
Beyond efficiency, pruning has been observed

to identify performant subnetworks inside over-
parameterized models, indicating that a large model
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Figure 2: Comparison of different fine-tuning strategies. (a) Full Fine-tuning: all parameters are updated while
keeping the original architecture unchanged. (b) LoRA Fine-tuning: The pre-trained structure is preserved; the
original weights are frozen, and only a small set of additional low-rank adapters are trained. (c) Ours: instead of
updating the entire model, we fine-tune a set of task-relevant subnetworks extracted from the pre-trained model.
These subnetworks are jointly adapted through a routing mechanism that dynamically selects which subnetworks to

activate for each input.

can implicitly contain multiple useful sparse sub-
networks. In this sense, pruning can be regarded
as a divide operation: it decomposes a large pre-
trained model into multiple compact subnetworks
that may each capture different structural biases.
This motivates us to investigate whether pruning
can extract task-relevant subnetworks for down-
stream task, allowing us to fine-tune a chosen sub-
set rather than updating the entire model.

MokE. After division, we need a mechanism to
adapt these subnetworks. The MoE mechanism en-
ables input-adaptive computation by dynamically
routing each input to a small subset of experts.
A router determines which experts are most rel-
evant to the given input and combines their outputs,
allowing the model to handle diverse inputs effi-
ciently while maintaining computational sparsity.
Formally, a MoE layer contains a set of experts
{E;}7, and arouter R that selects which experts
to activate for each input. Given a hidden state h,
the MoE layer computes

h' = ;R(h)i E;i(h), )

where R(h); denotes the routing score assigned to
the i-th expert and F;(h) is the expert output. MoE
serves as an adapt mechanism: given multiple sub-
networks, the router selects which ones to activate
for each input, allowing the model to adaptively
utilize the most relevant subnetworks.

3.2 Workflow

Building on the divide-and-adapt perspective in-
troduced above, DA-MOoE realizes this concept
through an architectural design that integrates

model pruning and dynamic routing. We first
present the workflow of DA-MoE, which already
incorporates the adaptive routing mechanism, and
then elaborate on how subnetworks are selected
from the pretrained model.

As shown in Figure 3, We replace pre-trained de-
coder blocks with DA-MoE blocks. Each DA-MoE
block consists of a self-attention layer followed by
a sparse MoE module, where the original FFN is
replaced by a mixture-of-experts structure. The
experts in this sparse MoE are derived from the
pre-trained FEN through pruning.

Forward pass. Given an input hidden state h,
each DA-MOoE block first performs self-attention,
and then the router dispatches tokens to a small
subset of pruned experts. Formally, the output of a
DA-MOoE block is computed as:

k
h =LN (h + Attention(h) + Z R(h); M; Ei(h))y 3)

=1

where R(h); denotes the routing weight for the
i-th expert computed by the router, F;(h) repre-
sents the output of the i-th pruned FFN expert, and
M; € {0,1}9%4 is a binary structural mask gener-
ated by pruning the pretrained FFN, enforcing a
fixed sparse subnetwork architecture for expert 3.
Only the top-k experts are activated for each token,
enabling efficient sparse computation while pre-
serving diverse capabilities from the dense model.

3.3 Pruning-based Expert Construction

We now describe how experts are constructed
within DA-MoE. This stage plays a critical role
during model fine-tuning, as it determines how
subnetworks are derived and diversified. The
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Figure 3: Overall architecture of the proposed DA-MoE framework. Pre-trained decoder blocks in the transformer
are replaced with DA-MOoE blocks. A DA-MoE block consists of an attention layer followed by the sparse MoE.
The sparse MoE is composed of a router and a set of experts. The router dynamically assigns each token to a
small subset of experts based on routing scores. These experts are constructed by pruning the pre-trained FFN into

multiple sparse experts with distinct masks.

main challenge is to obtain subnetworks that
are both effective for the downstream task and
sufficiently diverse to promote specialization. To
achieve this, we construct experts by pruning
the dense FFN using different data and different
pruning strategies, which enables each expert to
specialize while sharing the pretrained model’s
foundational knowledge. To achieve this balance
in practice, we prune subnetworks using distinct
pruning strategies or different calibration datasets
to promote diversity.

Different pruning strategies. To further encour-
age diversity while ensuring that each expert re-
mains useful for the downstream task, we adopt two
pruning strategies when extracting subnetworks
from the dense FFN. These two strategies follows
different perspectives when selecting subnetworks:
identifying weights that strongly interact with acti-
vations (Sun et al., 2023), and preserving those that
are critical for maintaining the model’s layer-wise
behavior (Frantar and Alistarh, 2023). To realize
the first perspective, we evaluate each weight based
on the product of its magnitude and the correspond-
ing activation norm. Specifically, for a weight W;;
and its associated input activation X, the pruning
score is computed as

Sij = [Wij| - | X512, “)

where | - | denotes the absolute value operator and
|| X;||2 evaluates the £ norm of the j-th activation
vector aggregated across tokens. We then prune
weights with the lowest scores to construct a sparse

subnetwork, ensuring that the retained parameters
correspond to both large weights and activations.

To realize the second perspective, we follow the
layer-wise reconstruction formulation and evaluate
each weight by its estimated impact on the recon-
struction error. Specifically, the pruning score for a
weight W;; is defined as

|Wij|*
diag((XTX +XI)~1) |

)

Sij = &)

where X denotes the input activations of the layer,
XT X 4 M corresponds to the damped Hessian ma-
trix, and A is a regularization term to stabilize the
inverse. We prune weights with the smallest scores
to minimize the local reconstruction error, thereby
preserving the most critical parameters while in-
ducing sparsity.

Different calibration datasets. Since the pruning
strategies are input-dependent, different calibration
datasets naturally leads to different subnetworks.

3.4 Continued Training

After constructing the experts, we fine-tune the
model on the downstream dataset. Following stan-
dard autoregressive modeling, the DA-MoE model
is optimized to generate the correct output token
sequence while simultaneously ensuring balanced
expert utilization during routing.

The total training loss consists of an autoregres-
sive 1088 Lyegressive and an auxiliary balancing loss
Laux, combined as:

Liotal = ‘Cregressive + o Laux, (6)
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where o is a balancing coefficient controlling
contribution of the auxiliary loss.

Autoregressive Loss. We optimize the DA-MoE
model using a standard next-token prediction ob-
jective. Given input X and output tokens Y =
[Y1, ..., YK], the loss is:

K
ﬁregressive == ZIOgPG (i | X, y<i), (7
i=1
where 6 denotes model parameters.
Auxiliary Load-Balancing Loss. To prevent
the router from collapsing onto a small subset
of experts, we incorporate a differentiable load-
balancing loss following (Fedus et al., 2022). For
an MoE layer with E experts, the auxiliary loss is:

E
Lax =E-Y Fi-Gi, ®

1=1

where F; is the fraction of tokens routed to expert
7 and G; denotes its average routing probability:

% K
1 . 1
Fi = Y E llargmaxP(z;) =i], G, = e jgzlp(xj)i-

j=1

(C)
4 Experiments

4.1 Experimental Setup

Datasets. We fine-tune DA-MoE on two video
datasets: NExT-QA (Xiao et al., 2021) and a real-
world smart-home dataset (See Section A). NExT-
QA is a benchmark consisting of 5,440 videos and
52K question—answer pairs. It focuses on causal,
temporal, and descriptive reasoning, requiring mod-
els to infer human intentions, temporal dependen-
cies, and causal relations for video understanding.
We evaluate DA-MoE on two benchmarks
aligned with the training datasets. For NExT-QA,
we adopt the official evaluation metrics and report
accuracy across three reasoning categories: causal
(Accc), temporal (Accr), and descriptive (Accp),
each with fine-grained question subtypes. We use
the smart-home benchmark for validation, which
consists of 1,143 video—question pairs, and report
accuracy for each category as the evaluation metric.
Baseline. We benchmark DA-MoE against stan-
dard fine-tuning paradigms using two representa-
tive VLMs: InternVL3-8B (Zhu et al., 2025) and
SmolVLM-2.2B (Marafioti et al., 2025). For each
model, we compare full fine-tuning and LoRA.
Settings. In our experiments, we construct four

sparse experts as experts by pruning 50% of the
weights from the pretrained FFN. For each down-
stream task, the experts are constructed indepen-
dently using calibration samples drawn exclusively
from the corresponding training split, rather than
from any separate or external corpus. We randomly
sample two calibration subsets, each containing
128 training examples, using fixed random seeds
of 42 and 0, resulting in 256 calibration samples in
total. The calibration samples follow the standard
input format of the corresponding downstream task
and are used only to collect activation statistics for
pruning. No validation or test samples are involved
in the expert construction process.

To enhance diversity, each subnetwork is gen-
erated using different downstream calibration
datasets and distinct pruning strategies while main-
taining the same pruning ratio. These subnetworks
are then employed as four experts with top-2 rout-
ing in the DA-MOoE architecture. For continued
training, DA-MoE adopts LoRA-based parameter
updates with a rank of 32, preserving the original
architecture while efficiently adapting the model
through low-rank modules. Additionally, the auxil-
iary balancing coefficient « is set to 0.01 to control
the contribution of the auxiliary loss during opti-
mization.

4.2 Main Results

Quantitative Results. We evaluate DA-MoE
against zero-shot inference, full fine-tuning, and
LoRA fine-tuning on both NExT-QA and smart-
home benchmark. On the NEXT-QA benchmark
(Table 1), DA-MoE achieves higher overall accu-
racy than all baselines and outperforms them in
the majority of reasoning categories. Our method
achieves an overall accuracy of 81.4%, surpassing
LoRA (80.2%) and full fine-tuning (80.9%).

On the smart-home benchmark (Table 2),
DA-MOoE achieves higher overall accuracy and im-
proves performance in most categories compared
to baseline strategies. For InternVL3-8B, although
DA-MOoE does not surpass all baselines in every
category, it achieves the best overall performance,
reaching a weighted accuracy of 73.35% and
outperforming the strongest baseline (71.87%)
by a relative gain of 1.48 percentage points. For
SmolVLM?2, DA-MoE outperforms full fine-tuning
in every category, highlighting its effectiveness on
smaller-scale models.

Qualitative Results. Figure 4 provides a vi-
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Table 1: Performance comparison of different fine-tuning strategies on InternVL3-8B across various question

categories in the NExT-QA.

Methods Acce Accr Accp Acc
Why How All P;I?;% Present All  Count Location Other All

Zero Shot 80.1 759 79.1 71.6 763 719 683 93.5 93.6 863 79.1

Full FT 812 783 804 771 809 788 68.3 94.6 89.8 86.5 809

LoRAFT 80.7 78.0 80.0 763 828 780 67.7 93.2 883 853 80.2

Ours 815 795 81.0 765 823 790 70.2 96.1 89.8 875 814

Table 2: Comparison of different fine-tuning on InternVL3 and SmolVLM?2 across multiple categories in the

smart-home benchmark.

Model Method baby light pet senior temporal vehicle wildlife AVG.
ZeroShot 70 754 715 88.1 68.8 62.7 725  71.07
IntermVL3-8B Full FT 70 669 738 929 68.1 64.2 754 7173
nterny L= LoraFT 68 757 727 88.1 70.9 63.7 732 71.87
Ours 72 746 762 905 66.3 66.3 759  73.35
Zero Shot 54  45.1 442 857 48.2 36.6 523 4835
Full FT 54 430 451 81.0 49.4 37.3 558  49.56
SmolVLM2-2.2B | "\ FT 52 429 459 809 518 351 477 4661
Ours 56 456 454 877 49.4 39.8 578 5142

sual comparison between DA-MoE and other fine-
tuning methods. In this example, the question asks:
“How many items did the boy put on the shelf in this
video?” All baseline models (Zero-Shot, Full Fine-
tuning, and LoRA Fine-tuning) incorrectly predict
the number as three, whereas DA-MoE produces
the correct answer, two. This example primarily
evaluates the model’s counting ability. In the video,
the boy places both his own toy and the man’s toy
from the scene back onto the shelf, correspond-
ing to two distinct items. However, in the first
few frames, the toy in the boy’s hands appears as
two separate objects, which misleads baseline mod-
els (Zero-Shot, Full Fine-tuning, and LoRA Fine-
tuning) into predicting three. In contrast, DA-MoE
correctly recognizes that both hands are holding
the same toy and accurately counts two placement
actions. This example aligns with the quantita-
tive results in Table 1, where DA-MoE shows a
improvement in the Count category.

4.3 Model Efficiency

To evaluate efficiency, we compare our method
with other fine-tuning strategies in terms of train-
able rate and activated parameters. As shown in
Table 7, the trainable rate measures the proportion
of weights updated during fine-tuning, while acti-
vated parameters denote the number of parameters
involved during inference. Compared to full fine-
tuning, which updates all model weights, LoRA re-

Table 3: Comparison of parameter utilization across
different fine-tuning strategies on InternVL3-8B and
SmolVLM?2-2.2B. “Tra.” shows the ratio of trainable
weights during fine-tuning, while “Act.” denote the num-
ber of parameters actively involved during inference.
"Tot." denote the total parameter number

Model Method Tra. Act. Tot.
Full FT 96.2% 8B 8B

InternVL3-8B LoRAFT 1.05% 8B 8B
Ours 1.05% 6.6B 10.8B
Full FT 100% 2.2B 2.2B

SmolVLM2-22B LoRAFT 1.0% 22B 2.2B
Ours 1.0% 19B 3.4B

duces the training cost to about 1% by introducing
low-rank adapters. Our method maintains the same
low trainable ratio while reducing activated param-
eters during inference (e.g., from 8B to 6.6B on
InternVL3-8B). These results demonstrate a better
trade-off between training efficiency and inference
computation while preserving model capacity.

4.4 Ablation Study

Component Analysis. To understand the contribu-
tion of each component in DA-MoE, we conduct
ablation studies on NExT-QA (Table 4). We begin
by examining single-pruning settings. Initializing
the model with a single pruned subnetwork (SP
Init) leads to a slight performance drop compared
to the zero shot model (77.4% vs. 79.2%). This
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Question: How many items did the
boy put on the shelf in this video?

Figure 4: Visual comparison on a video counting question. The baselines (Zero-Shot, Full Fine-tuning, LoRA
Fine-tuning) all miscount three items, while our DA-MoE correctly recognizes two placements.

Table 4: Ablation study on DA-MOoE configurations. Starting from pruned subnetworks, progressively adding
adaptation and MoE routing leads to steady performance gains. Notably, even without fine-tuning, the model
initialized with diversity pruning already outperforms the zero-shot baseline.

Methods Acce Accr Accp Acc
Prev&
Why How All  Next Present All Count Location Other All
Zero Shot 80.1 759 79.1 716 763 719 683 93.5 93.6 863 79.1
SP Init 715 744 767 694 79.5 738 68.6 94.2 88.8 86.0 774
SPFT 79.2 766 785 74.6 813 775 652 93.8 90.0 85.6 794
SPMoE 79.6 784 793 764 80.6 783 67.7 94.8 89.2 86.2 80.1
DP Init 794 782 79.1 73.1 80.2 762 68.9 93.2 89.5 86.0 795

Table 5: Ablation study on the placement of DA-MoE layers within the model architecture. We compare four
variants: applying DA-MoE to the first half, the second half, all layers, and our interval-based design.

Architecture Acce Accr Accp Acc
Why How All P;Iee\)/:fz Present All Count Location Other All
First-Half 80.7 79.2 804 769 80.8 78.6 649 94.6 88.7 852 80.6
Second-Half 80.8 783 80.1 76.1 797 717 66.5 93.0 87.5 84.6 80.0
All 812 782 805 7638 81.1 786 72.0 96.9 89.5 88.1 8l.2
Ours 81,5 795 81.0 765 823 79.0 70.2 96.1 89.8 875 814

behavior is expected, as pruning removes a portion
of model capacity. Nevertheless, the performance
degradation is marginal, suggesting that the pruned
subnetwork still preserves most of the task-relevant
knowledge from the pretrained model. Next, we
fine-tune the single pruned model (SP FT), which
increases accuracy to 79.4%. This behavior aligns
with our expectation that adaptation helps recover
capacity lost during pruning and further tailor the
subnetwork to the downstream task. We then evalu-
ate a variant that applies MoE over a single pruning
configuration (SP MoE), achieving 80.1%, thereby
further enhancing fine-tuning performance. No-
tably, even without fine-tuning, the model initial-
ized with diversity-pruned subnetworks (DP Init)
surpasses the zero-shot baseline, suggesting that
decomposing a pre-trained model into task-relevant
subnetworks provides a stronger initialization than

the original pre-trained model itself.

Effect of the Architectures. In our experiments,
not all Transformer decoder blocks are replaced
with DA-MOE layers. The remaining blocks that
are not converted to DA-MoE use a sparse FFN
as a lightweight alternative without applying MoE
routing. As shown in Table 5, we explore four
architectural variants of the DA-MoE design.
Specifically, First-Half applies DA-MoE layers
only to the first half of the decoder, while the
second half uses sparse FFN layers. Second-Half
reverses this configuration, applying DA-MoE
layers to the latter half of the model. All replaces
every decoder block with DA-MoE layers. Ours
alternates DA-MoE and sparse FEN layers through-
out the network. Empirically, ours proves to be
an effective choice, achieving a better performance.
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5 Conclusion

In this work, we introduce DA-MoE, a new fine-
tuning paradigm for VLMs that challenges the con-
ventional assumption of preserving the full pre-
trained structure. DA-MOoE divides the pre-trained
model into multiple downstream-oriented subnet-
works and adapts them collaboratively through a
routing-based mechanism. This strategy enables ef-
ficient specialization while reusing rich pre-trained
knowledge for downstream tasks. Extensive ex-
periments on public benchmark and a practical
task demonstrate that DA-MOoE consistently outper-
forms both full fine-tuning and parameter-efficient
baselines, highlighting its potential as an efficient
and scalable fine-tuning framework for large-scale
multimodal models.

Limitations

In this paper, we incorporate the MoE mechanism
into the model architecture. Although MoE reduces
the number of activated parameters during infer-
ence compared to dense models, it does not reduce
the total number of model parameters. As a result,
the practical inference latency and deployment cost
are not significantly improved. A promising fu-
ture direction is to combine MoE with structural
pruning techniques to derive compact subnetworks
from the original model. Such subnetworks could
reduce actual inference latency, leading to more
efficient deployment in real-world scenarios.
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Appendix
A A Practical Vertical-Domain Task

In practical applications, the zero-shot capability of
pre-trained models is often insufficient to achieve
optimal performance. Domain shifts between pre-
training data and downstream tasks usually require
additional fine-tuning to adapt the model effec-
tively. This is particularly evident in the smart-
home domain, where the data distribution differs
from that of large-scale public datasets. To fa-
cilitate domain-specific fine-tuning, we collect a
large-scale smart-home video dataset comprising
102,040 daily-life videos captured in residential
environments using egocentric cameras. All data
were collected with informed consent from the par-
ticipants and anonymized prior to research use to
protect personal privacy. The dataset is a propri-
etary in-house dataset provided by our industry
collaborator and is used in accordance with the
collaborator’s internal data-use and legal require-
ments. To further safeguard participant privacy, the
underlying video data are not publicly released.
To ensure high-quality and consistent annota-
tions, we employ a semi-automated annotation
pipeline that combines model-assisted generation
with human verification. Specifically, Gemini-2.5-
Pro first produces context-aware video summaries
and drafts of multiple-choice questions grounded in
observable visual content. Human annotators then
perform validation to ensure that each question and
its answer are visually grounded, unambiguous,
and independent of any non-visible or external in-
formation. Our smart-home benchmark includes
1,143 videos covering diverse residential environ-
ments, lighting conditions, subject scales, and cam-
era viewpoints. A total of 1,154 multiple-choice
questions are annotated across seven functional cat-
egories to evaluate visual reasoning capabilities.
Dataset statistics, including video counts and aver-
age durations per category are provided in Table 6.

B Experimental Setup Details

We implement DA-MoE using PyTorch (Paszke
et al., 2019), leveraging the Hugging Face (Jain,
2022) Transformers and Datasets libraries for
model and data management. The MoE functional-
ity is built upon the DeepSpeed-MoE (Rajbhandari
et al., 2022) framework. All experiments are con-
ducted on a server with four NVIDIA A100 GPUs,
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Table 6: Summary of smart-house benchmark, including video counts and mean video duration for each category.

Baby Senior Pet Wildlife Vehicle Temporal Lighting

Video Count 50 32 172 408 195 141 145
Mean Duration (s) 27.1 27.8 25.8 250 27.3 29.1 23.1
Total 1,143 videos, mean duration 25.9 s
rank=16 rank=32 (Ours) rank=64

each with 80 GB of memory. We use AdamW
(Loshchilov and Hutter, 2017) for all models, with
B1 = 0.9, By = 0.999, ¢ = 1078, a weight de-
cay of 0.02, and a warm-up ratio of 0.02. Given
the video processing setting, each input sample
contains up to 16 frames, which are processed to-
gether with the corresponding text sequence. The
maximum sequence length is fixed at 8192 tokens
to accommodate long multimodal contexts. Dur-
ing full fine-tuning, the parameters of the vision
encoder are kept fixed, while both the LLM and
MLP projector are fully updated to adapt to the
downstream task. In the LoRA fine-tuning setting,
both the vision encoder and MLP projector are
frozen, while LoRA adapters with a rank of 32 are
inserted into the LLM to enable efficient parameter
updates. For our DA-MoE method, we begin by
pruning 50% of the parameters in the LLM’s FFNs
using two pruning strategies, namely Wanda (Sun
et al., 2023) and SparseGPT (Frantar and Alistarh,
2023), together with two calibration datasets sam-
pled from different random seeds, producing four
structurally diverse subnetworks. We then replace
every other FFN layer in the LLM with an DA-
MOoE, where these four pruned FFNs serve as the
experts for initialization. The constructed DA-MoE
can subsequently be optimized using either full or
LoRA fine-tuning. For computational efficiency,
we employ LoRA fine-tuning with a rank of 32 in
all experiments.

C Hyperparameter Analysis

In our experiments, we analyze two hyperparame-
ters: the LoRA rank that determines the fine-tuning
capacity and the coefficient « that balances the aux-
iliary loss. As shown in Figure 5, we set the LoRA
rank to 32, which achieves the best overall perfor-
mance. Testing smaller (16) and larger (64) ranks
results in inferior performance, indicating that ex-
cessively low or high adaptation capacity can both
hinder effective fine-tuning. For the balancing coef-
ficient o, we experiment with three values: 0.001,
0.01, and 0.1. As shown in Figure 6, the model
achieves the best performance when o = 0.01,
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Figure 5: Sensitivity analysis of the LoRA rank. We
compare ranks of 16, 32, and 64 across different ques-
tion categories. The configuration with rank 32 (ours)
achieves the best overall accuracy. Both smaller and
larger ranks lead to slight performance drops, indicat-
ing that an intermediate rank provides a balanced fine-
tuning capacity.
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Figure 6: Sensitivity analysis of the balancing coeffi-
cient oo. We evaluate a = 0.001, 0.01, and 0.1. The
best is achieved at « = 0.01, while both smaller and
larger values degrade results, indicating that a moderate
auxiliary loss weight provides the best trade-off.

while too small or too large values lead to subopti-
mal results due to under- or over-emphasis of the
auxiliary loss.

D Trainable and Activated Parameters

As shown in Table 7, trainable rates indicate the
proportion of model weights updated during fine-
tuning, while activated parameters represent the
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Table 7: Comparison of parameter utilization across different strategies on InternVL3-8B and SmolVLM2-2.2B.
“Activated Parameters” denote the activated parameters during inference, while “Trainable Parameters” show the

ratio of trainable weights.

Model Method Experts Top-k MOoE Layers FFN Layers Trainable Rate Activated Parameters Total Parameters

Full Fine-Tuning - - 28 96.2% 8B 8B
InternVL3-8B LoRA Fine-Tuning - - - 28 1.05% 8B 8B

Ours 4 2 14 14 (Sparse) 1.05% 6.6B 10.8B

Full Fine-Tuning - - 24 100% 2.2B 2.2B
SmolVLM2-2.2B  LoRA Fine-Tuning - - - 24 1.0% 2.2B 2.2B

Ours 4 2 12 12 (Sparse) 1.0% 1.9B 3.4B

Table 8: Comparison of different expert construction strategies without fine-tuning.

Expert Construction Accc Accr Accp Acc
Prev& .
Why How All Next Present All Count Location Other All

Homogeneous Expert Construction 80.2 759 79.0 73.0 792 75.8 705 92.3 87.8 853 79.1
PCA-Guided Expert Construction 80.3 775 79.6 73.0 79.1 757 714 94.4 88.3 86.5 795
Strategy-Guided Expert Construction 79.4 782 79.1 73.1 802 762 689 93.2 89.5 86.0 79.5

number of parameters actively involved during in-
ference. Compared to full fine-tuning, which re-
quires updating almost all model parameters, LoORA
fine-tuning drastically reduces the training cost to
about 1% of the total parameters by introducing
low-rank adapters into selected layers. Our method
maintains the same low trainable ratio, effectively
reducing the activated parameters during inference
(e.g., from 8B to 6.6B on InternVL3-8B and 2.2B
to 1.9B on SmolVLM2-2.2B). This reduction arises
from our design: aside from the DA-MoE layers,
all remaining FFN layers are sparse (50% pruned),
resulting in fewer active parameters during infer-
ence. As a result, our approach attains a more effi-
cient trade-off between training cost and inference
computation while preserving the overall represen-
tational capacity of the model.

Efficiency Analysis. We evaluate the computa-
tional efficiency of DA-MOoE in terms of activated
parameters and inference FLOPs as shown in 9.
Although DA-MOoE increases the total parameter
by introducing multiple sparse experts, only a sub-
set of experts is activated for each token through
top-k routing, thereby reducing the effective com-
putation during inference. Under the same input
settings, the dense baseline activates 8B parame-
ters and requires 13.05 GFLOPs per token, whereas
DA-MOoE activates 6.6B parameters and requires
10.20 GFLOPs per token. This corresponds to an
around 21.8% reduction in per-token computation.

Table 9: Computational efficiency comparison under
the same input setting.

Method Activated Params. FLOPs per Token
Dense Model 8B 13.05 GFLOPs
DA-MOoE (Ours) 6.6B 10.20 GFLOPs

E Distribution of Expert Loadings

To further analyze the internal routing behavior of
DA-MOoE, we visualize the layer-wise expert activa-
tion ratios on two benchmarks, as shown in Figure 7
and Figure 8. Each stacked bar represents the rel-
ative activation frequency of four experts within
each DA-MoE layer. To begin with, the expert
loads across all DA-MOoE layers are generally well
balanced. We further observe that different layers
rely on different combinations of experts, implying
that DA-MOoE has learned an implicit collaboration
pattern in which experts specialize and cooperate
to process inputs. Although the detailed distribu-
tions vary slightly across different benchmarks, the
overall activation patterns remain consistent. For
example, the activation rate of Expert 2 in Layer 0
and that of Expert 3 in Layer 2 are both relatively
low in the two benchmarks.

F Effect of Expert Diversity

Table 8 compares the performance of different ex-
pert construction strategies without fine-tuning. In
the PCA-Guided Expert Construction, we first ap-
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Figure 7: Layer-wise expert activation ratios in the pro-
posed DA-MoE on NExT-QA. Different experts are
selectively activated at varying frequencies across lay-
ers.
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Figure 8: Layer-wise expert activation ratios in the pro-
posed DA-MoE on smart-home benchmark. Different
experts are activated at varying frequencies across lay-
ers.

ply PCA (Mackiewicz, 1993) to the training data
and cluster it into four groups. Samples are then
drawn from each cluster, and four distinct FFN
subnetworks are obtained by pruning them with
the Wanda method (Sun et al., 2023). In contrast,
the Strategy-Guided Expert Construction uses dif-
ferent random seeds to select varying calibration
subsets and applies two pruning strategies (Wanda
(Sun et al., 2023) and SparseGPT (Frantar and Al-
istarh, 2023)) to each subset. The results show that
introducing expert diversity through different ini-
tialization methods can effectively improve model
specialization and overall performance. Specifi-
cally, both PCA-Guided and Strategy-Guided Ex-
pert Construction outperform the Homogeneous
Expert Construction baseline across most cate-
gories, indicating that diversity among experts en-

hances the model’s adaptability to different ques-
tion types. These results suggest that diverse prun-
ing strategies or calibration criteria help each ex-
pert specialize in complementary aspects of the
task, enabling more effective cooperation within
the DA-MoE framework.

G LLM Usage

Large language models (LLMs) were used only
as writing assistance tools for improving grammar,
wording, and readability of the manuscript.
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