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Abstract

Vision-language model (VLM) is one of the most important
models for multi-modal tasks. Real industrial applications
often meet the challenge of adapting VLMs to different sce-
narios, such as varying hardware platforms or performance
requirements. Traditional methods involve training or fine-
tuning to adapt multiple unique VLMs or using model com-
pression techniques to create multiple compact models.
These approaches are complex and resource-intensive. This
paper introduces a novel paradigm called Once-Tuning-
Multiple-Variants (OTMV). OTMV requires only a single
tuning process to inject dynamic weight expansion capacity
into the original VLM structure. This tuned VLM can then
be expanded into multiple variants tailored for different sce-
narios in inference. The tuning mechanism of OTMV is in-
spired by the mathematical series expansion theorem, which
helps to reduce the parameter size and memory require-
ments while maintaining accuracy for VLM. Experiment re-
sults show that OTMV-tuned models achieve comparable
accuracy to baseline VLMs across various visual-language
tasks. The experiments also demonstrate the dynamic ex-
pansion capability of OTMV-tuned VLMs, outperforming
traditional model compression and adaptation techniques
in terms of accuracy and efficiency.

1. Introduction
Deep neural networks have been proven successful in many
mono-modal tasks, both in the vision domain (such as im-
age classification [18, 33], object detection [42, 60], and
segmentation [27, 45]) and in the language domain (such
as summarization [17], machine translation [24], question
answering [34], information extraction and retrieval [32]).
Based on these foundational mono-modal capacities, prior
arts started to explore the potential of deep neural mod-
els on multi-modal tasks [20]. The combination of two
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Figure 1. Comparison: Once-Tuning-Multiple-Variants (OTMV)
(Left) only produces a single instance, while the typical manners
(Right) all produce multiple different instances to meet the re-
quirements of different scenarios.

critical modalities, vision and language, achieves consider-
able progress. These vision-language models [3, 4, 30, 53]
jointly process information from these two modalities and
uniformly utilize them to fulfill the complex tasks [13]. For
instance, visual question answering [1] provides an image
and the corresponding question as models’ input and re-
quires the model to give the correct answer.

In real-world applications, we always need to adapt the
VLM model to different scenarios [30]. For example, we
want to deploy the VLM model to different hardware plat-
forms with quite different hardware features or software
stacks. Another example is even deploying the VLM model
on the same specific platform; we still want to adjust the
VLM model itself to meet the different performance re-
quirements in latency-sensitive or throughput-sensitive use
cases. The typical manner is using multiple different VLM
models to meet the requirements of different scenarios, re-
spectively. Multiple different VLM models can be obtained
using two tuning paradigms. One tuning paradigm intro-
duces the differences in the training process, either in the
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pre-training [12, 55] or downstream fine-tuning and adap-
tion [8, 15, 19, 57] stages. The other tuning paradigm uses
model compression techniques [7, 29, 52] to compress a sin-
gle VLM model into multiple compact ones. On the other
hand, we present a revolutionary paradigm called Once-
Tuning-Multiple-Variants (OTMV). OTMV offers a game-
changing solution, requiring only a single tuning of a VLM
model to inject dynamic expansion capacity. The tuned
VLM can then be expanded into multiple variants, perfectly
tailored to meet the demands of different scenarios. This
paradigm shift is illustrated in Figure 1, highlighting the
contrast between OTMV and the traditional approach.

The naive VLM’s adaptive capability to different scenar-
ios is the poorest. Because the pre-training paradigm needs
to train several unique VLMs to meet the various scenar-
ios’ requirements, the sum of parameter size is the largest,
and the training cost is the highest among all the paradigms.
The efficient fine-tuning, especially the parameter-efficient
fine-tuning (PEFT) [9, 19], reduces the painful training con-
sumption by introducing some low-rank adapters. However,
different adapters also need to be trained for different sce-
narios. After fine-tuning, the adapter parameters will be
merged with pre-trained VLM parameters to eliminate ad-
ditional inference latency. So, the parameter size sum is
still larger than a single naive pre-trained VLM. The com-
pression paradigm starts from a pre-trained VLM. Then, it
applies the model compression process, such as pruning,
quantization, or low-rank decomposition, to generate multi-
ple unique VLMs to handle different scenarios. Each com-
pressed VLM has a smaller parameter size than the naive
pre-trained VLM. However, compressing the VLMs with-
out introducing a remarkable accuracy drop is a nontriv-
ial effort; some extra training or fine-tining is necessary
for accuracy compensation. So, its training cost is slightly
higher than that of the single naive VLM. Moreover, the
compression paradigm needs more extra deployment ef-
fort. The proposed OTMV paradigm only needs some extra
lightweight training cost than the naive VLM, and there is
no reliance on the model compression techniques, so there
is no additional effort for deployment. OTMV will dynam-
ically expand the model structure with the necessary layers
among the original VLM model, so the parameter size is
also lower than the baseline, i.e., a single naive VLM.

The fundamental principle for the training process of
VLMs is finding a proper approximation to estimate the
correlation in image-text pairs. The approximation func-
tion is determined by the model’s weight tensors in VLM.
In mathematics, the series expansion [46, 50] is a concept
that expresses a function as an infinite sum of terms. If it is
limited to expanding a finite number of terms, thus yielding
an approximation of the function. Motivated by this sim-
ilarity, we borrow the series expansion from mathematics
into the VLM. We regard the individual weight tensors as

the terms in series expansion. The typical VLM can dynam-
ically expand or erase the individual weight tensors from its
original structure by introducing a unique training mecha-
nism. Similar to series expansion, the more weight tensors
are expanded, the more accurate the approximation, i.e., the
accuracy of the VLM is higher. At the same time, if only a
small amount of the weight tensors are kept and expanded,
OTMV also guarantees that this VLM variant has the least
accuracy gap with the original VLM model.

Our main contributions include:
• We propose the brand-new tuning paradigm, OTMV, with

the least extra training cost and effort for deployment and
good adaption to different scenarios.

• OTMV utilizes the mathematical series expansion the-
orem to improve VLMs and designs a unique training
mechanism for VLMs to inject dynamic weight expan-
sion capacity with least accuracy influence.

• OTMV is proven to boost the tuning workflow and ef-
ficiency on various vision-language benchmarking tasks
against the state-of-the-art competitors.

2. Related work
2.1. Vision-language model
Because the capability of the vision-language models
(VLM) highly relies on the image and language modal
alignment [59], the typical learning paradigm of VLM starts
from pre-training with large-scale image-text pairs [28, 41,
51, 58]. Then, the pre-trained foundation VLM is fur-
ther fine-tuned [25, 30, 43, 53] with task-specific anno-
tated datasets to fit the downstream tasks. There are also
some prior arts [21, 54] to explore the potential to substitute
the task-specific fine-tuning stage with the zero-shot predic-
tion manner, i.e., applying the pre-trained VLM directly to
downstream tasks without fine-tuning. As compensation,
more image-text pairs with instructive annotations must be
learned in the pre-training stage. However, the success of
these two VLM learning paradigms is highly reliant on the
pre-training stage, which requires a lot of training data and
computation consumption.

2.2. Efficient fine-tuning for VLM
As a further improvement, there are prior efficient fine-
tuning explorations to reduce the traditional fine-tuning
paradigm cost. Instruction tuning improves tuning effi-
ciency [2, 48] by adapting VLM to learn while follow-
ing task-specific instructions. Unlike the prior paradigm,
which updates all the parameters of the pre-trained VLM,
parameter-efficient tuning [22, 49] freezes the pre-trained
parameters and only trains a small number of task-specific
addition parameters for each task. As the representative,
LoRA [19] proposes merging the trainable parameters in the
task-specific adapters with the original frozen pre-trained
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weights to avoid introducing extra inference latency. Al-
though these prior arts can solve the adaption requirements
to multiple tasks, the fine-tuning costs still grow linearly
with the number of deployment tasks. For the LoRA-style
paradigm [9, 19], it is not straightforward to batch inputs to
different tasks because multiple different adapters are also
needed. Extra deployment overhead is required to choose
the LoRA adapters dynamically.

There are also some all-in-one trials. OFA network [5]
reduces the neural architecture search (NAS) cost by de-
coupling training and search. It mainly focuses on convo-
lution networks (CNN). Moreover, it relies on the model
compression method, like pruning, to progressively shrink
the model size in depth, width, kernel size, and resolution.
Slimmable network [56] is another width-adjustable all-in-
one method. It is designed particularly for CNN struc-
tures, and thus, extra handling of the batch normalization
module for various width sizes is a nontrivial effort. Mat-
Former [10] is a pre-training-only all-in-one solution based
on summation loss for Transformer-based models. Mat-
Former works only along the width dimension of the feed-
forward layers in Transformer blocks and cannot expand to
more than a few sub-models. Flextron [6] utilizes a nested
elastic structure and an input-adaptive manner to route to-
kens through its sub-structures for improved deployment ef-
ficiency. It mainly focuses on the large language model, and
the accuracy drops are still obvious when it uses a 50% dy-
namic elastic structure.

2.3. Model compression for VLM

In real-world vision-language applications, hardware mem-
ory, computation resources, and latency constraints are crit-
ical. So, the large VLMs and the typical learning paradigm
both challenge deployment. Some prior works started ap-
plying model compression techniques to relieve challenges.

DistillVLM [14] demonstrates that knowledge distilla-
tion can effectively compress large VLMs into smaller,
high-performing models. By addressing the alignment is-
sues in the teacher and student models, the proposed Distil-
lVLM shows substantial performance gains in image cap-
tioning and visual question answering tasks. On this basis,
EfficientVLM [52] further improved as a two-stage frame-
work. The first stage shrinks a pre-trained large VLM us-
ing knowledge distillation. In the second stage, a modal-
adaptive pruning algorithm is introduced to infer the im-
portance of vision and language modalities for different
downstream tasks and adaptively prunes redundant neurons.
UPop [44] offered another versatile solution for VLM com-
pression. It first searches for multi-modal subnets within a
continuous optimization space, optimizing the overall com-
pression ratio without manual intervention. Then, UPop
progressively searches and retrains the subnets, to achieve
better performance and higher compression ratios by elim-

inating the weight gap between the searched model and the
pruned subnet.

Although these prior arts partially relieve VLMs’ de-
ployment challenges, implementing the model compres-
sion is a nontrivial effort. No matter the knowledge dis-
tillation, modal-adaptive pruning, or the subnets search, all
add complexity in preparing the compact VLM models for
deployment. What’s worse, if we need to prepare different
VLM variants to fit various scenarios, many compression
processes cannot be reused, i.e., the model compression ef-
forts will be doubled and redoubled.

3. Once-Tuning-Multiple-Variants

3.1. OTMV workflow
The typical vision-language model’s structure contains the
two-way backbones [3]. The language backbone consists
of word embedding to cast the input sequence tokens into
the language latent space, then applying multiple language
modality transformer blocks to learn language modality
features further. The vision backbone takes the image
patches as the input tokens, following the patch embed-
ding and position embedding [11] to cast them into the vi-
sion latent space. The stacked vision modality transformer
blocks will further extract the features of vision modal-
ity. Such a design can encourage the VLM model to learn
more modality-specific information [53]. After the two-way
modality-specific backbones, several vision-language trans-
former blocks are connected to learn the alignment between
the vision and language modalities and enable deep fusion
for multiple multi-modal tasks.

The mathematical series expansion theorem [46] proves
that the infinite sum of the series can express a nonlinear
function and that the expansion of the first few finite se-
ries terms is a good approximation of the original function
in most cases. Motivated by this concept, we choose sev-
eral key weight tensors among all transformer blocks (in
analogy with the series first-order term). The other weight
tensors are substituted with the key weight tensors multi-
plied with the corresponding learnable OTMV coefficients
(in analogy with the series expanded high-order terms) to
approximate the original naive VLM model mutually. The
extensive explanation of why the OTMV expanded VLM
variants can approximate the original naive VLM with a
negligible accuracy gap is given in the Appendix.

Because most typical VLM models are based on trans-
former structures, we use a transformer-based VLM as an
example. Without loss of generality, a given VLM model
can be divided into three parts: the vision modality back-
bone, the language modality backbone, and the vision-
language cross-modality transformer part.

Assume there are M vision modality transformer blocks
in the vision modality backbone. We regard the weight ten-
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Figure 2. Once-Tuning-Multiple-Variants (OTMV) workflow. OTMV first chooses the key weight tensors, analogous to the first-order term
in the mathematical series expansion theorem. The other weight tensors share the first-order weights with identical values and multiply
them with one learnable scalar value, the OTMV coefficient, for compensation. So, there is no need to be physically stored in hardware
memory. An OTMV gate is attached to each weight tensor without physically stored values. The OTMV gate determines whether to
expand and calculate the following weight tensor or bypass it. This is the critical component to guarantee that the OTMV workflow only
requires one tuning process, while it can be expanded into multiple VLM variants to meet the different deployment scenarios. We only
share the weight tensors within the same modality transformer blocks for the multi-head attention layers. For the feed-forward layers, we
share the weight tensors across the language-modality and vision-modality transformer blocks. For the vision-language transformer blocks
for modality alignment, both the multi-head attention and feed-forward layers are shared within these multi-modality transformer blocks.

sors (including query, key, value and output linear projec-
tion layers) of Multi-Head Self-Attention in the first trans-
former block as the key weight tensors, refer as W∗

V−Mod
Atten(1),

(∗ ∈ [q, k, v, o]). Then, the weight tensors of Multi-Head
Self-Attention in the other vision modality transformer
blocks can be expanded as:

Wq
V−Mod
Atten(i) = Cq

V−Mod
Atten(i)·Wq

V−Mod
Atten(1), (i = 2, · · · ,M)

Wk
V−Mod
Atten(i) = Ck

V−Mod
Atten(i)·Wk

V−Mod
Atten(1), (i = 2, · · · ,M)

Wv
V−Mod
Atten(i) = Cv

V−Mod
Atten(i)·Wv

V−Mod
Atten(1), (i = 2, · · · ,M)

Wo
V−Mod
Atten(i) = Co

V−Mod
Atten(i)·Wo

V−Mod
Atten(1), (i = 2, · · · ,M)

(1)
where C∗

V−Mod
Atten(i) refers to the learnable OTMV coefficients

for vision modality Multi-Head Self-Attention layers.

Assume there are N language modality transformer
blocks in the language modality backbone. We regard the
weight tensors (including query, key, value and output lin-
ear projection layers) of Multi-Head Self-Attention in the
first transformer block as the key weight tensors, refer as
W∗

L−Mod
Atten(1), (∗ ∈ [q, k, v, o]). Then, the weight tensors of

Multi-Head Self-Attention in the other language modality
transformer blocks can be expanded as:

Wq
L−Mod
Atten(i) = Cq

L−Mod
Atten(i)·Wq

L−Mod
Atten(1), (i = 2, · · · , N)

Wk
L−Mod
Atten(i) = Ck

L−Mod
Atten(i)·Wk

L−Mod
Atten(1), (i = 2, · · · , N)

Wv
L−Mod
Atten(i) = Cv

L−Mod
Atten(i)·Wv

L−Mod
Atten(1), (i = 2, · · · , N)

Wo
L−Mod
Atten(i) = Co

L−Mod
Atten(i)·Wo

L−Mod
Atten(1), (i = 2, · · · , N)

(2)
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where C∗
L−Mod
Atten(i) refers to the learnable scalar coefficients

for language modality Multi-Head Self-Attention layers.
In the vision modality backbone, we refer the weight ten-

sors of Feed Forward layers in the first transformer block as
WV−Mod

FF (1) . In the language modality backbone, we regard
the weight tensors of Feed Forward layers in the first trans-
former block as WL−Mod

FF (1) . Then, we can merge these two
key tensors into a unified cross-vision-language key tensor,
refer as Wmg

V L−Mod
FF (1) .

Wmg
V L−Mod
FF (1) = MeanE

(
WV−Mod

FF (1) ,WL−Mod
FF (1)

)
(3)

where MeanE is the operation to get the elementwise mean
of the two given tensors. Then, the weight tensors of Feed
Forward in the other vision modality and language modality
transformer blocks can be expanded as:

WV−Mod
FF (i) = CV−Mod

FF (i) ·Wmg
V L−Mod
FF (1) , (i = 2, · · · ,M)

WL−Mod
FF (i) = CL−Mod

FF (i) ·Wmg
V L−Mod
FF (1) , (i = 2, · · · , N)

(4)
where CV−Mod

FF (i) and CL−Mod
FF (i) refer to the learnable scalar

OTMV coefficients for vision and language modality Feed
Forward layers, respectively.

Assume there are K vision-language transformer blocks
in the vision-language cross-modality model part. We re-
gard the weight tensors (including query, key, value and out-
put linear projection layers) of Multi-Head Self-Attention in
the first transformer block as the key weight tensors, refer
as W∗

V L−Mod
Atten(1) , (∗ ∈ [q, k, v, o]). Then, the weight tensors

of Multi-Head Self-Attention in the other vision-language
cross-modality transformer blocks can be expanded as:

Wq
V L−Mod
Atten(i) = Cq

V L−Mod
Atten(i) ·Wq

V L−Mod
Atten(1) , (i = 2, · · · ,K)

Wk
V L−Mod
Atten(i) = Ck

V L−Mod
Atten(i) ·Wk

V L−Mod
Atten(1) , (i = 2, · · · ,K)

Wv
V L−Mod
Atten(i) = Cv

V L−Mod
Atten(i) ·Wv

V L−Mod
Atten(1) , (i = 2, · · · ,K)

Wo
V L−Mod
Atten(i) = Co

V L−Mod
Atten(i) ·Wo

V L−Mod
Atten(1) , (i = 2, · · · ,K)

(5)
where C∗

V L−Mod
Atten(i) refers to the learnable scalar OTMV co-

efficients for vision-language cross-modality Multi-Head
Self-Attention layers.

We refer the weight tensors of Feed Forward layers in
the first transformer block as WV L−Mod

FF (1) . Then, the weight
tensors of Feed Forward in the other vision-language cross-
modality transformer blocks can be expanded as:
WV L−Mod

FF (i) = CV L−Mod
FF (i) ·WV L−Mod

FF (1) , (i = 2, · · · ,K)
(6)

where CV L−Mod
FF (i) refers to the learnable scalar coefficients

for vision-language cross-modality Feed Forward layers.
In this manner, we only need to physically save

the values of the key weight tensors (i.e., W∗
V−Mod
Atten(1),

W∗
L−Mod
Atten(1), Wmg

V L−Mod
FF (1) , W∗

V L−Mod
Atten(1) , WV L−Mod

FF (1) ) and
several OTMV coefficients. The calculation and parame-

ter size increase is negligible because each OTMV coeffi-
cient is just a single scalar value. The values of the other
weight tensors are easily obtained with the key weight ten-
sors and the corresponding OTMV coefficients. So, there is
no need to physically save them in the memory, i.e., lead-
ing to apparent memory saving for the whole VLM model.
The OTMV concept is shown in Figure 2.

3.2. OTMV training strategy

The major challenge with the prior tuning paradigms is the
high cost of training, fine-tuning, or compressing the single
VLM multiple times to obtain multiple variants.

We improve the training strategy in the OTMV tuning by
introducing a high-order series skip mechanism, which is
controlled by the OTMV gate G. During the VLM’s OTMV
tuning process, each high-order series weight tensor (i.e.,
each weight tensor without physically stored values) is at-
tached with an OTMV gate. These tensors connected by the
OTMV gates may be randomly skipped in the calculation,
both in the forward and backward paths, based on a set skip
probability. The skip mechanism is implemented by adding
a skip probability parameter to the OTMV gate, G(pskip).
For example, setting the skip probability to 0.15 means that
the OTMV gate will be 15% randomly closed, and the con-
nected weight tensor will also be 15% randomly skipped in
the OTMV training process. A higher skip probability value
can help the VLM better adapt to different expansions but
may result in increased training difficulty and potentially
lead to a more noticeable drop in final accuracy. Our exper-
iments indicate that a skip probability between 0.05 and 0.1
usually provides an excellent dynamic adaptation capability
for the OTMV-tuned VLM, with a good balance in accuracy
degradation for all the varied VLM variants.

Through the high-order series skip mechanism, OTMV
compels the VLM model to learn with this regulation dur-
ing the tuning process, wherein some weight tensors are
dynamically decided to expand or skip during inference.
Once the OTMV-tuned VLM reaches an acceptable accu-
racy level, we can dynamically determine which weight ten-
sors are expanded or skipped in different VLM variants dur-
ing the inference process. These VLM variants can main-
tain a good accuracy level without any additional prepara-
tion for deployment. The OTMV tuning workflow is sum-
marized in Algorithm 1.

4. Experiments

For the experiments in this paper, we choose PyTorch [39]
with version 1.13.0 as the framework to implement all meth-
ods. The results of the model training and fine-tuning ex-
periments are obtained with V100 [35] and A100 [36] GPU
clusters. All the reference models and algorithms use the
default data type provided in public repositories.
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Algorithm 1: Once-Tuning-Multiple-Variants (OTMV) tuning for the given VLM model
Input: Original target VLM model VLMo, Tuning dataset Dt

Data: Skip probability of the attached OTMV gates pskip, Overall tuning loss threshold δt
Output: OTMV-tuned VLM variant model VLMotmv . It can dynamically generate multiple VLM variants by expanding or

skipping by OTMV gates during the inference process for deployment.
1 while Overall OTMV tuning loss: Lotmv is larger than threshold δt do
2 // Substitute Multi-Head Self-Attention weight tensors with OTMV expansion form

3 if Weight tensors from the vision modality backbone then
4 W∗

V −Mod
Atten(i) = C∗

V −Mod
Atten(i)·W∗

V −Mod
Atten(1)·G (pskip) , (∗ ∈ [q, k, v, o]) , (i = 2, · · · ,M)

5 else if Weight tensors from the language modality backbone then
6 W∗

L−Mod
Atten(i) = C∗

L−Mod
Atten(i)·W∗

L−Mod
Atten(1)·G (pskip) , (∗ ∈ [q, k, v, o]) , (i = 2, · · · , N)

7 else if Weight tensors from the vision-language cross-modality part then
8 W∗

V L−Mod
Atten(i) = C∗

V L−Mod
Atten(i) ·W∗

V L−Mod
Atten(1) ·G (pskip) , (∗ ∈ [q, k, v, o]) , (i = 2, · · · ,K)

9 // Substitute Feed Forward weight tensors with OTMV expansion form

10 Merge two key tensors into a unified cross-vision-language key tensor: Wmg
V L−Mod
FF (1) = MeanE

(
WV −Mod

FF (1) ,WL−Mod
FF (1)

)
11 if Weight tensors from the vision modality backbone then
12 WV −Mod

FF (i) = CV −Mod
FF (i) ·Wmg

V L−Mod
FF (1) ·G (pskip) , (i = 2, · · · ,M)

13 else if Weight tensors from the language modality backbone then
14 WL−Mod

FF (i) = CL−Mod
FF (i) ·Wmg

V L−Mod
FF (1) ·G (pskip) , (i = 2, · · · , N)

15 else if Weight tensors from the vision-language cross-modality part then
16 WV L−Mod

FF (i) = CV L−Mod
FF (i) ·WV L−Mod

FF (1) ·G (pskip) , (i = 2, · · · ,K)

17 // OTMV training with the VLM model in OTMV expansion form and attaching OTMV gates

18 Use the identical loss function from VLMo, calculate the overall OTMV tuning loss Lotmv on tuning dataset Dt

19 Minimize the overall OTMV tuning loss Lotmv w.r.t key weight tensors and OTMV coefficients of VLMotmv

20 end

4.1. VLM reference models
To evaluate the efficacy of OTMV tuning workflow
and make the comparison with prior arts, BLIP1 [28],
VLMo2 [3] and BEiT-33 [53] are chosen as the target VLM
models for reference. For BLIP, we choose the model type
which pre-trains with the ViT-Base backbone while using a
dataset bootstrapped by captioner and filter with ViT-Large.
For VLMo and BEiT-3, we both choose the base and large
model types, respectively.

4.2. Efficacy for OTMV tuning
To evaluate the efficacy of the OTMV tuning workflow, we
choose the typical VLM models and compare the accuracy
of the baseline models with the OTMV-tuned models. To
make a fair comparison, the accuracy reported in Table 1
comes from the OTMV-tuned VLM models with all weight
tensors expanded, i.e., the baseline and the OTMV-tuned
versions have the same number of weight tensors.

Visual Question Answering task requires the VLM to
generate the language answers or choose the correct an-
swers for the questions according to the input images. So it
requires the VLM models to understand and interpret both

1https://github.com/salesforce/BLIP
2https://github.com/microsoft/unilm/tree/master/vlmo
3https://github.com/microsoft/unilm/tree/master/beit3

visual content and natural language questions. All the ref-
erence VLMs and OTMV-tuned models go through the pre-
training stages and fine-tune the pre-trained VLMs on the
VQA v2.0 dataset [16]. All the VQA scores in Table 1 are
reported on the VQA test-dev and test-standard split.

Visual Reasoning task requires the VLM reasoning
about sets of objects, making comparisons, understand-
ing spatial relations within the images, and determining
whether the given sentences are true or false about the pair-
ing images. To solve this task, VLMs must accurately in-
terpret the visual content of the images and align it with the
corresponding natural language descriptions. All the refer-
ence VLMs and OTMV-tuned models go through the pre-
training stages and fine-tune the pre-trained VLMs on the
NLVR2 dataset [47]. All the accuracy results in Table 1
are reported on the NLVR2 development and public test set
(test-P), respectively.

Vision-Language Retrieval task involves finding rel-
evant images based on textual descriptions (i.e., text-to-
image retrieval) or retrieving textual descriptions corre-
sponding to a given image (i.e., image-to-text retrieval).
This task is a critical component of cross-modal retrieval,
which aims to bridge the semantic gap between visual and
textual information. All the reference VLMs and OTMV-
tuned models are evaluated on two widely used benchmark
datasets, COCO [31] and Flickr30K [40], and the Karpa-
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Tasks Visual Question Answering Visual Reasoning Image-Text Retrieval Image Captioning
Datasets VQA v2.0 NLVR2 COCO Flickr30k COCOModels
Metrics test-dev (%) test-std (%) dev (%) test-P (%) I-TR (%) T-IR (%) I-TR (%) T-IR (%) BLEU@4 METEOR CIDEr SPICE

VLMo (Base) 76.64 76.89 82.77 83.34 74.8 57.2 92.3 79.3 - - - -
VLMo (Base)-OTMV 76.53 76.81 82.72 83.29 74.8 57.0 92.3 79.2 - - - -
VLMo (Large) 79.94 79.98 85.64 86.86 78.2 60.6 95.3 84.5 - - - -
VLMo (Large)-OTMV 79.92 79.99 85.66 86.83 78.3 60.6 95.4 84.6 - - - -

BLIP 78.25 78.32 82.15 82.24 81.2 64.1 97.2 87.5 39.70 31.36 133.30 23.77
BLIP-OTMV 78.19 78.27 82.03 82.17 81.1 64.0 97.2 87.4 39.61 31.37 133.32 23.71

BEiT-3 (Base) 78.45 78.52 84.61 85.28 79.1 61.4 96.3 86.2 39.35 31.08 133.60 24.17
BEiT-3 (Base)-OTMV 78.32 78.41 84.53 85.22 79.0 61.2 96.2 86.1 39.31 31.01 133.49 24.10
BEiT-3 (Large) 82.53 82.58 89.22 89.95 82.1 63.4 97.2 88.1 41.46 32.02 143.29 25.23
BEiT-3 (Large)-OTMV 82.50 82.59 89.19 89.96 82.1 63.4 97.3 88.1 41.49 32.04 143.30 25.27

Table 1. Comparison between the naive VLM models with OTMV-tuned versions to verify the efficacy of OTMV tuning workflow. The
models with *-OTMV means tuned by OTMV workflow. (All values are averaged with 5 runs. Variances: 0.04)

thy split [23] is applied for both datasets. The correspond-
ing Top-1 image-to-text (I-TR) and text-to-image (T-IR) re-
trieval scores are reported in Table 1.

Image Captioning is the task of generating a textual de-
scription that accurately describes the content of an image.
This task requires the VLM models to understand and in-
terpret visual information, then produce coherent and con-
textually relevant captions. Following the reference VLMs
to go through the pre-training stage, then the models are
fine-tuned and evaluated with Karpathy test split on COCO
dataset. BLEU@4, METEOR, CIDEr, and SPICE metrics
are reported in Table 1.

From the results in Table 1, even the OTMV tuning
workflow introduces the weight tensors sharing and OTMV
gates, but there is negligible accuracy influence against the
baseline VLM models.

4.3. Dynamic expansion capability for OTMV
To evaluate the efficacy of OTMV-tuned VLM’s dynamic
expansion capacity, we check the accuracy of OTMV-
tuned VLM expanded variants and compare them to other
efficient models compressed by typical VLM compres-
sion techniques, DistillVLM [14], EfficientVLM [52], and
UPop [44]. Figure 3 shows the comparison for the visual
question answering task on VQA v2.0, and Figure 4 shows
the image caption task on COCO.

Methods EfficientVLM DistillVLM UPop OTMV

Tuning Cost 149.1 (23.3x) 131.8 (20.6x) 188.8 (29.5x) 6.4 (1x)

Table 2. Tuning cost for OTMV and other model compression
methods. The unit of tuning cost is A100 GPU Day.

Figures 3 and 4 show shows that OTMV has obviously
higher metrics than those compressed by DistillVLM, Effi-
cientVLM, and UPop for the VLM variants with the same
model parameter size. Moreover, with similar model sizes,
the OTMV expanded BEiT-3 Large variant is even slightly
better than the BEiT-3 Base model. Another benefit of the
OTMV is that it can easily expand more variants than the
other method. For example, we expand 24 variants4 from

4The OTMV-tuned BEiT-3 Large model can expand more than 24 vari-

Figure 3. Comparison of OTMV tuned and expanded BEiT-3
Large variants with other efficient variants obtained with compres-
sion on visual question answering task (VQA v2.0 dataset).

Figure 4. Comparison of OTMV tuned and expanded BEiT-3
Large variants with other efficient variants obtained with compres-
sion on image captioning task (COCO dataset).

the once-tuning OTMV model, while for the other compres-
sion methods, if they want to get the same number of com-
pact variants, they need to compress multiple times. We
compare the tuning cost5 in Table 2. The OTMV workflow

ants by expanding and skipping weight tensors during inference. We just
expanded 24 representative variants to compare with the prior art.

5For a fair comparison, we assume all the tunings happen in fine-tuning
stages to align with prior methods.
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Tasks Visual Question Answering Visual Reasoning Image Captioning
Datasets VQA v2.0 NLVR2 COCOModels Multi-head Attention

Sharing Strategies Metrics test-dev (%) test-std (%) dev (%) test-P (%) BLEU@4 CIDEr

Across Different (Vision) 72.77 (-5.55) 72.58 (-5.83) 54.96 (-29.57) 55.01 (-30.21) 38.48 (-0.83) 128.77 (-4.72)
Across Different (Language) 53.17 (-25.15) 53.14 (-25.24) 51.02 (-33.51) 51.11 (-34.11) 22.93 (-16.38) 68.20 (-65.29)BEiT-3 (Base)
Within Same Modalities 78.32 78.41 84.53 85.22 39.31 133.49

Across Different (Vision) 78.25 (-4.25) 78.38 (-4.21) 57.59 (-31.60) 57.57 (-32.39) 40.06 (-1.43) 134.39 (-8.91)
Across Different (Language) 56.12 (-26.38) 56.21 (-26.38) 53.63 (-35.56) 53.75 (-36.21) 23.20 (-18.29) 72.21 (-71.09)BEiT-3 (Large)
Within Same Modalities 82.50 82.59 89.19 89.96 41.49 143.30

Table 3. Comparison among different weight tensors sharing strategies for the multi-head attention layers in VLM blocks.

has a much lower cost for computation resources. The cost
is significantly higher if we want to train 24 variants for a
fair comparison, roughly 73800 A100 GPU Days (11530×
larger than OTMV ).

4.4. Ablation of weight-sharing strategies
When introducing the workflow of OTMV, we mention
that only the weight tensors within the same modality
transformer blocks for the multi-head attention layers are
shared. To prove the rationality of this weight-sharing strat-
egy, we make an ablation study to compare with other
choices for the multi-head attention layers:
• Within Same Modalities, i.e., vision-modality trans-

former blocks share the weight tensors within vision-
modality transformer blocks, language-modality trans-
former blocks share the weight tensors within language-
modality transformer blocks.

• Across Different Modalities (Vision) means both vision-
modality and language-modality transformer blocks share
the weight tensors from the vision-modality blocks.

• Across Different Modalities (Language) means both
vision-modality and language-modality blocks share the
weight tensors from the language-modality blocks.
We choose the BEiT-3 (Base and Large) as the target

models and evaluate the accuracy of OTMV-tuned versions
with different weight-sharing strategies. The ablation com-
parison is shown in Table 3.

From the ablation experiment results, the default weight-
sharing strategy (i.e., Within Same Modalities) is apparently
better than the other weight-sharing strategies across differ-
ent modalities. It proves that weight-sharing with mixed
vision modality and language modality will damage the
modality alignment in the original VLM model. A more in-
teresting finding is that the Across Different Modalities (Vi-
sion) strategy brings much less accuracy degradation than
the Across Different Modalities (Language) strategy. That
means the shared weight tensors from language modality
can hardly interpret the visual structures and features in vi-
sion modality. However, using the shared weight tensors
from vision modality can partially interpret some features
in language modality, though not perfectly.

In OTMV workflow, we share the weight tensors across
the language-modality and vision-modality transformer

blocks by default for the feed-forward layers. We also make
a quick ablation to compare with the ”Within Same Modal-
ities” weight-sharing strategy. For the feed-forward layers,
weight tensors shared across different modalities or within
the same modalities make marginal differences in the final
accuracy metrics on various benchmarks (less than 0.4%).
That means the multi-head attention layers are responsi-
ble for extracting the essential features from the vision-
modality and language-modality, which share nearly no
common patterns. While the feed-forward layers are re-
sponsible for the nonlinear transformations of the attention
outputs, and are not directly related to the alignment of the
different modalities. So they will not cause apparent accu-
racy degradation when sharing across modalities.

4.5. Deployment of OTMV-tuned VLM variants
Because the OTMV-tuned VLM variants use the OTMV
gates to skip the weight layers in the inference process, there
is no reliance on the specific software stack support for
actual deployment. With the real saving of the VLM mod-
els’ memory cost on hardware, it can bring a considerable
performance boost. For example, the OTMV-tuned BEiT-3
Large variant with 60% parameters saving can have a 63%
performance improvement on the A100 GPU.

5. Conclusions
OTMV tuning workflow offers a game-changing solution
for adapting VLMs to different scenarios with minimal
training and deployment costs while maintaining high ac-
curacy. With the dynamic weight expansion capacity in-
jection, many weight tensors are substituted with the key
weight tensors multiplied by learnable OTMV coefficients.
Such an approximation of the original VLM reduces mem-
ory requirements for industrial hardware. Experiments
prove that the OTMV significantly enhances the efficiency
and flexibility of VLMs, making it a valuable contribution
to various vision-language tasks. Moreover, OTMV work-
flow can generate multiple efficient variants in a single tun-
ing effort. By evaluating these variants’ performance on
industrial toolkits [26, 37, 38], we can find potential perfor-
mance optimization opportunities for the kernels and soft-
ware stacks in these toolkits. With the help of OTMV, such
performance optimization efficiency is greatly improved.
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