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Abstract

Recent advancements in video captioning have been

driven by large-scale pretrained models, which follow the

standard “pre-training followed by fine-tuning” paradigm,

where the full model is fine-tuned for the downstream tasks.

While effective, this approach becomes computationally pro-

hibitive as the model size increases. The Parameter-Efficient

Fine-Tuning (PEFT) approach offers a promising alterna-

tive but primarily focuses on the language components of

Multi-modal Large Language Models (MLLMs). Despite re-

cent progress, PEFT remains underexplored in multimodal

tasks such as video captioning and lacks sufficient under-

standing of visual information during model fine-tuning.

To bridge this gap, we introduce Query-Adapter (Q-

Adapter), a lightweight visual adapter module designed to

enhance MLLMs through efficient fine-tuning for the video

captioning task. Q-Adapter integrates learnable query to-

kens and a gating layer into the Vision Encoder, enabling

effective extraction of sparse, caption-relevant features with-

out relying on external textual supervision. We evaluate Q-

Adapter on the MSR-VTT benchmark, achieving state-of-

the-art BLEU@4 and METEOR scores among PEFT meth-

ods and competitive performance with full fine-tuning us-

ing only 1.5% of the parameters. These results highlight

Q-Adapter’s strong trade-off between caption quality and

parameter efficiency, supporting its scalability for video-

language modeling.

1. Introduction

With the growing demand for advanced video understand-

ing, the field of video captioning is rapidly developing. It

aims to generate accurate and contextually relevant tex-

tual descriptions of video content. Early studies [21], [22] in

video captioning primarily employed template-based meth-

ods, formulating the task as word prediction at predefined

positions within fixed sentence structures. In recent years,
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the focus has shifted from word-level to sentence-level super-

vision, with increasing emphasis on end-to-end generation

frameworks that align visual encoder features with semantic

representations [17]. This alignment transforms video data

into structured embeddings that language decoders can in-

terpret effectively.

To improve cross-modal alignment, several studies [16],

[25] have introduced additional supervisory signals to en-

hance the extraction of semantically relevant visual features.

However, the limited size and diversity of publicly available

video-caption datasets present significant challenges for ef-

fective training. To address this, pretraining based on con-

trastive learning for image-text alignment [10], [11], [20] has

been widely adopted, with subsequent task-specific post-

training applied to capture temporal dynamics in video [4],

[15], [26], [28], [30], [34]. While these methods leverage

alignment capabilities acquired through contrastive learn-

ing, they largely follow the conventional paradigm of “pre-

training followed by fine-tuning,” where full model tuning

often leads to challenges such as catastrophic forgetting and

suboptimal parameter efficiency [35].

Recently, the development of Multimodal Large Lan-

guage Models (MLLMs) has introduced new approaches

for efficient fine-tuning in video-language tasks [7], [10],

[12], [33], [36]. Methods such as VTimeLLM [7] employ

Low-Rank Adaptation (LoRA) [6] to the language encoder

with multi-stage training on curated question-answering

datasets, showing promising results in dense video caption-

ing. Other methods incorporate external textual knowl-

edge via Retrieval-Augmented Generation (RAG) to en-

hance visual understanding [8], [9]. While these methods

have demonstrated effectiveness, they often depend heav-

ily on large external text datasets and the reasoning abili-

ties of MLLMs, rather than focusing on improving how the

model extracts and utilizes meaningful visual information

from videos. Moreover, they tend to overlook the sparse and

uneven distribution of informative content in video, which

limits the quality of visual grounding essential for accurate

caption generation. To address these limitations, this study

introduces an adapter-based fine-tuning method into the vi-

sual encoder of MLLMs, aiming to enhance visual represen-

tation while maintaining parameter efficiency.

In this study, we present Query-Adapter (Q-Adapter),
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Fig. 1: Overview of the video captioning framework and integration of Q-Adapter into the Visual Encoder

a novel visual adaptation for fine-tuning MLLMs in video

captioning tasks. The proposed method introduces learn-

able query tokens into a lightweight adapter architecture.

Unlike prior methods that rely heavily on external text

sources or retrieval-based supervision, Q-Adapter leverages

Language Modeling loss as implicit guidance, allowing the

model to dynamically learn which visual features are most

relevant for caption generation. By selectively injecting

queries into the Vision Encoder, the proposed method en-

ables more effective identification of sparse and semantically

informative frames, without requiring explicit annotations

or external corpora. The key contributions are summarized

as follows:

• We proposeQ-Adapter, a query-guided visual adapter

for efficient fine-tuning of MLLMs in video captioning,

integrating learnable query tokens and a gating mecha-

nism into the Visual Encoder.

• Q-Adapter selectively extracts sparse and caption-

relevant visual features without relying on external tex-

tual supervision, improving visual grounding under pa-

rameter constraints.

• On the MSR-VTT benchmark [29], Q-Adapter achieves

state-of-the-art performance among PEFT methods us-

ing only 1.5% of the model parameters, indicating a

favorable balance between efficiency and caption qual-

ity.

2. Q-Adapter-based Fine-tuning

Conventional full fine-tuning updates all the parameters

of a pretrained model during training. In contrast, adapter

fine-tuning [5] freezes the pretrained backbone and updates

only a small set of newly introduced adapter parameters.

Let ϕw(·) denote a pretrained neural network with param-

eters w, and let D = {(xi,yi)}Ni=1 be the training dataset,

the optimization objectives of full and adapter fine-tuning

can be formalized as:

Full fine-tuning: argmin
w

L(ϕw(x),y), (1)

Adapter fine-tuning: argmin
θ

L(ϕw,θ(x),y), (2)

where θ represents the adapter parameters and L denotes

the task-specific loss function. In Equation 2, the backbone

parameters w are frozen while only the adapter θ is updated.

In adapter fine-tuning, the placement of adapter modules

is often determined by the characteristics of the downstream

task. While adapters are typically inserted into intermediate

layers of the network, there is no universally optimal config-

uration. Prior studies have shown that the effectiveness of

adapter placement can vary significantly depending on the

task objectives and data modalities [3], [5], [19], [23], [31].

This motivates the need for task-specific design choices when

integrating adapters to fine-tune MLLMs.

2.1 Overview of the Proposed Framework

Figure 1(a) shows an overview of the proposed video cap-

tioning framework. Given an input video represented as

a sequence of T frames V = {v1,v2, . . . ,vT }, the goal of

video captioning is to generate a textual description y =

{y1, y2, . . . , yL}, where each yi denotes a token in the out-

put caption of length L. Each video frame vt ∈ RH×W×C ,

where H, W , and C denote the height, width, and number

of channels of the input frame, respectively, is processed by

a Visual Encoder to produce a frame-level representation

zt ∈ RN×d, where N is the number of visual tokens and d

is the embedding dimension. These representations are then

temporally aggregated into a unified video-level representa-

tion as:

z = F({z1, z2, . . . , zT }), (3)

where F(·) denotes a generic temporal fusion function (e.g.,

concatenation, pooling, or self-attention). The resulting

video representation z is concatenated with a text prompt

p and fed into a Text Decoder to generate the caption in an
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autoregressive manner as:

yi = Decoder(y<i, [p; z]), i = {1, 2, . . . , L}, (4)

where y<i denotes all previously generated tokens and [p; z]

represents the concatenation of the text prompt and the

fused video features. The model is trained using the Cross

Entropy loss, which minimizes the negative log-likelihood of

the ground-truth caption as:

L = −
L∑

i=1

log p(yi | y<i, [p; z]), (5)

The above formulation highlights that the effectiveness

of video captioning largely depends on the quality of the

video representation z, which is obtained from the Visual

Encoder. However, standard fine-tuning methods typically

focus on the Language Decoder and struggle to adapt to

the sparse and uneven distribution of informative content

in videos. To enhance the quality of visual representations

and enable efficient adaptation for downstream captioning

tasks, we introduce Q-Adapter, which is integrated into the

Visual Encoder. This adapter is designed as a lightweight

visual module based on learnable query tokens that selec-

tively extracts caption-relevant features without relying on

additional text supervision.

2.2 Q-Adapter

Unlike conventional bottleneck adapters that rely solely

on projection layers, Q-Adapter incorporates a learnable

query-attention mechanism and a gating network to enhance

its ability to extract sparse and semantically rich visual fea-

tures.

2.2.1 Query-Attention Mechanism

For each video frame t ∈ {1, . . . , T}, we denote the en-

coded feature map as zt ∈ RN×d, where N is the number of

visual tokens and d is the embedding dimension. To enhance

the discriminative capacity of these features, Q-Adapter in-

troduces a set of learnable query tokens q ∈ RM×d, where

M is the number of queries. These tokens are designed to ex-

tract task-relevant information from zt via cross-attention.

We follow the standard scaled dot-product attention mecha-

nism, where queries Q, keys K, and values V are defined as:

Q = qWQ, K = ztW
K and V = ztW

V , (6)

where WQ,WK , and WV ∈ Rd×d are learned projection

matrices. The query-guided attention output is then com-

puted as:

ot = LayerNorm

(
softmax

(
QK⊤
√
d

)
V

)
, (7)

where ot ∈ RM×d is the attended representation, capturing

the most relevant information from zt with respect to each

query token. To preserve the spatial structure required for

subsequent temporal fusion, the output is projected back

to the original token length via a learned transformation

Ψ : RM×d → RN×d, followed by residual addition as:

zq
t = Ψ(ot) + zt, (8)

This formulation enables Q-Adapter to act as a content-

aware refinement layer, selectively attending to semanti-

cally important regions while maintaining computational ef-

ficiency and structural alignment with the original token

space.

2.2.2 Gated Feature Layer

To account for the potential distribution mismatch caused

by freezing the pretrained encoder weights, we introduce a

gating mechanism that adaptively modulates the input of

the adapter. Specifically, we apply a Fully Connected (FC)

layer to project the input feature zt ∈ RN×d, followed by

element-wise multiplication with a learnable gating layer.

The gated output is computed as:

zg
t = Gate(zt) ◦ FC(zt), (9)

where FC(·) : RN×d → RN×d′
is a dimensionality-reducing

linear transformation, Gate(·) is a learnable gating layer

implemented as a multi-layer perceptron, and ◦ denotes

element-wise multiplication. The gated representation zg
t

is used as the Key (K) and Value (V) inputs in the query-

attention mechanism.

2.2.3 Integration into Visual Encoder

As illustrated in Figure 1(b), we integrate the proposed

Q-Adapter into each block of the Visual Encoder to en-

able PEFT. Specifically, we apply Q-Adapter to each Vi-

sion Transformer (ViT) block: one for the Multi-head Self-

Attention (MSA) layer and another for the Multi-Layer Per-

ceptron (MLP) layer. This design preserves the original ar-

chitecture while introducing a lightweight adaptation path

that refines visual features without modifying pretrained

backbone parameters. Let zt ∈ RN×d be the input token

sequence to the block, the processing steps are defined as:

zMSA
t = zt +Q-Adapter(MSA(LayerNorm(zt))), (10)

zMLP
t = zMSA

t +MLP(LayerNorm(zMSA
t ))

+ Q-Adapter(LayerNorm(zMSA
t )), (11)

ẑt = zMLP
t , (12)

where zMSA is the output sequence of the MSA layer, and

zMLP is the output sequence of the MLP layer. In this

structure, only the parameters of the Q-Adapter are up-

dated during training, while the original components of the

Visual Encoder remain frozen. This selective tuning allows

efficient adaptation to video captioning tasks with minimal

additional parameters.

3. Experimental Evaluation

We evaluate the proposed Q-Adapter on the widely

used MSR-VTT benchmark [29], which consists of 10,000

YouTube videos, each approximately 10 seconds long, an-

notated with a total of 200,000 captions. Following prior

works [15], [28], we adopt the standard split of 9,000 videos

for training and 1,000 for testing.
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Table 1: Comparison of the proposed method with other methods on the MSR-VTT benchmark [29]. Best and second-best

scores for each Fine-Tuning Type (FT Type) are highlighted with bold and underlined fonts, respectively.

Method FT Type FT Ratio ↓ BLEU@4 ↑ METEOR ↑ ROUGE-L ↑ CIDEr ↑

MV-GPT [24]

Full 100%

48.90 38.70 64.00 60.00
HiTeA [32] 49.20 30.70 65.00 65.10
mPLUG-2Base [28] 52.20 32.10 66.90 72.40
mPLUG-2 [28] 57.80 34.90 70.10 80.30

Qwen2.5-VL (Zero-shot) [1] — — 5.27 20.47 35.32 0.26

Qwen2.5-VL [1] + Adapter [5]

PEFT

2.1% 50.89 63.02 63.93 66.45
Qwen2.5-VL [1] + LoRA(Attn) [6] 0.8% 45.01 61.04 61.79 62.55
Qwen2.5-VL [1] + LoRA(MLP) [6] 1.5% 46.03 61.87 62.26 63.10
Qwen2.5-VL [1] + LoRA(Attn&MLP) [6] 2.3% 45.63 61.49 61.98 62.36
Qwen2.5-VL [1] + Q-Adapter (Proposed) 1.5% 51.24 63.49 62.52 65.70

3.1 Experimental Settings

3.1.1 Model & Hyperparameters

We adopt Qwen2.5-VL-3B-Instruct*1 as the backbone for

ViT and the Text Decoder (Qwen2.5 LM). The input resolu-

tion of each video frame is standardized to 224× 224 pixels.

Following Xu et al. [28], we randomly sample 16 frames per

video during training and apply uniform sampling during

inference to ensure stability and reproducibility. All experi-

ments are trained for 10 epochs with a batch size of 8 using

AdamW [14] with a learning rate of 2 × 10−4, and a linear

scheduler with a warmup ratio of 0.1.

3.1.2 Evaluation Metrics

To fairly evaluate the performance of PEFT methods, we

define the Fine-Tuned Ratio (FT Ratio) as follows, high-

lighting the distinction between the PEFT approach and

conventional full fine-tuning as:

FT Ratio =
Number of trainable parameters

Total number of model parameters
. (13)

All methods are evaluated on the video captioning task us-

ing four standard metrics: BLEU@4 [18], METEOR [2],

ROUGE-L [13], and CIDEr [27]. These metrics measure

the quality of generated captions based on their similarity

to ground-truth references.

3.1.3 Comparison Methods

We compare the proposed method with representative

PEFT methods under a unified evaluation setting.

• Adapter [5]: Standard adapter layers are inserted af-

ter the MSA and MLP components of each ViT block,

with a gating mechanism to enhance stability.

• LoRA [6]: Learnable low-rank matrices are injected

in parallel with the weights. We evaluate the following

three integration strategies for each ViT block:

- LoRA(Attn): Applied to the projection matrices

Q, K, and V within the MSA layers.

- LoRA(MLP): Applied to the feedforward network

following the MSA layers.

- LoRA(Attn&MLP): Applied to all trainable com-

ponents within each ViT block.

*1 https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct/ (Ac-
cessed: 2025-06-05)

3.2 Results

Table 1 presents a comparison between the proposed Q-

Adapter and existing fine-tuning methods. Within the

PEFT methods, the proposed Q-Adapter achieved the best

scores on BLEU@4, METEOR, and a low FT Ratio (1.5%),

while also securing second-best scores on ROUGE-L and

CIDEr. Notably, the Adapter required more trainable pa-

rameters (2.1% FT Ratio) to achieve slightly better scores

on ROUGE-L and CIDEr. Similarly, LoRA-based methods,

despite tuning 2.3% of parameters, consistently underper-

formed in both accuracy and efficiency. These results un-

derscore the strength of Q-Adapter in achieving a better

trade-off between parameter efficiency and caption quality,

driven by its ability to selectively extract task-relevant vi-

sual features with minimal overhead.

When compared to full fine-tuning methods, Q-Adapter

demonstrated competitive performance despite tuning only

a small fraction of the model parameters. It outper-

formed both MV-GPT [24] and HiTeA [32] across BLEU@4,

METEOR, and CIDEr metrics. Although mPLUG-2 [28]

achieved higher scores, the results show that Q-Adapter

offers a strong balance between parameter efficiency and

caption quality, making it an appealing alternative for fine-

tuning under limited resource constraints.

4. Conclusion

We proposed Q-Adapter, a lightweight visual fine-tuning

framework for video captioning that integrates query-guided

attention and gated modulation into the Visual Encoder of

MLLMs. The proposed method performed well on the MSR-

VTT benchmark [29], surpassing existing PEFT methods

with minimal parameter updates and showed competitive

results against full fine-tuning.

In future work, we plan to explore enhanced query su-

pervision and apply Q-Adapter to a broader range of video

captioning benchmarks and video-language understanding

tasks.
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I.: AdapterFusion: Non-destructive task composition for
transfer learning, Proc. 16th Conference of the European
Chapter of the Association for Computational Linguistics,
pp. 487–503 (2021).

[20] Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,
Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark, J.,
Krueger, G. and Sutskever, I.: Learning transferable visual
models from natural language supervision, Proc. 38th Inter-
national Conference on Machine Learning, pp. 8748–8763
(2021).

[21] Rohrbach, A., Rohrbach, M., Tandon, N. and Schiele, B.: A
dataset for movie description, Proc. 2015 IEEE Conference
on Computer Vision and Pattern Recognition, pp. 3202–3212
(2015).

[22] Rohrbach, M., Qiu, W., Titov, I., Thater, S., Pinkal, M. and
Schiele, B.: Translating video content to natural language
descriptions, Proc. 14th IEEE International Conference on
Computer Vision, pp. 433–440 (2013).
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