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Abstract—Extending image-based Large Multimodal Models
(LMMs) to video-based LMMs always requires temporal modeling
in the pre-training. However, training the temporal modules
gradually erases the knowledge of visual features learned from
various image-text-based scenarios, leading to degradation in some
downstream tasks. To address this issue, in this paper, we introduce
a novel, efficient transfer approach termed MTransLLAMA, which
employs transfer learning from pre-trained image LMMs for fine-
grained video tasks with only small-scale training sets. Our method
enables fewer trainable parameters and achieves faster adaptation
and higher accuracy than pre-training video-based LMM models.
Specifically, our method adopts early fusion between textual
and visual features to capture fine-grained information, reuses
spatial attention weights in temporal attentions for cyclical spatial-
temporal reasoning, and introduces dynamic attention routing
to capture both global and local information in spatial-temporal
attentions. Experiments demonstrate that across multiple datasets
and tasks, without relying on video pre-training, our model achieves
state-of-the-art performance, enabling lightweight and efficient
transfer from image-based LMMs to fine-grained video tasks.

Index Terms—Video understanding, large multimodal model,
transfer learning.

I. INTRODUCTION

B ENEFITING from vast pre-trained corpora and param-
eters, large language models (LLMs) [1], [2], [3] have

demonstrated remarkable capabilities in general knowledge and
linguistic expertise, achieving impressive results in multiple
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Fig. 1. Different temporal modelings for video LMMs. (1) Common models
adopt a three-stage approach involving image pre-training, video pre-training,
and video finetuning. Training the temporal module during the video pre-training
stage requires significant resources and may result in a gap with the finetuning
task. Our approach eliminates the need for video pre-training by sharing param-
eters from spatial modules to temporal modules. (2) Common models separate
spatial and temporal feature extraction modules in the video feature encoding,
leading to high computational complexity and a lack of integration between
temporal and spatial features at different levels.
We adopt cyclic spatial-temporal feature interaction yields better performance.
(3) Due to the absence of video-text pairs in many cases, common models do
not perform multi-modal fusion during visual feature extraction. We employ the
early multi-modal fusion in temporal modeling to achieve a detailed guide from
text instruction.

downstream tasks in natural language processing (NLP) field.
With their success in NLP, the multi-modal community has seen
many efforts utilizing pre-trained LLMs with additional visual
encoding modules to accomplish multi-modal understanding.
Some of these efforts have achieved fantastic performance in em-
bodied agent [4], image [5], [6] and video [7] question answering
tasks. VideoLLaMA [7] exhibits the capability to comprehend
videos by integrating visual information. Existing LLM-based
video understanding systems [7], [8], [9], [10] transform video
information into a natural language question-answering-tokens
format by using pre-trained large language models, image en-
coders, and newly added temporal modeling modules. In terms
of temporal modeling, these methods typically adopt the training
paradigms of video pre-training and video finetuning, as shown
in Fig. 1. In most cases, the goal of video pre-training with Video
Caption tasks is to train video-based LMM into a large-scale gen-
eral knowledge model, providing universal video understanding
knowledge.

However, the video pre-training and finetuning scheme does
not work well in some situations. Training temporal modules
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Fig. 2. Overview of MTransLLAMA. First, we perform spatial feature extraction using KQ pre-defined queries. After applying Spatial Self-Attention, we swap
the channels of the queries and proceed to Temporal Self-Attention, where temporal information interaction occurs between tokens with similar semantics across
different frames. Following Temporal Self-Attention, we further transform the query channels and extract image features from the input T frames of the video.
Finally, we aggregate the tokens from the last layer of the Q-former, concatenate them with instructions, and input them into the frozen LLM to generate the final
natural language outputs. We introduce LoRA separately in different attention modules for fine-tuning, while keeping all other parameters frozen. Additionally, we
incorporate the DAR module for dynamic routing of attention scope within the attention modules.

during video pre-training tends to gradually erase the knowl-
edge of visual features acquired from diverse image-text-based
scenarios. This leads to reduced transfer performance when there
is a large domain difference between downstream tasks and the
video pre-training dataset. When the downstream tasks, like the
video sarcasm detection, significantly differ from the pre-trained
video captioning tasks, the extracted general visual features dur-
ing the video pre-training phase lack fine-grained information to
guide the reasoning for downstream tasks, leading to poor per-
formance. In addition, the transfer performance decreases when
the video scenes of the downstream tasks greatly differ from
those in the pre-training phase. Due to the amount of video-text
pre-training data volume being much smaller than the image-text
pre-training data volume, the ability of video-based models to
generalize across different video scenes degrades. Furthermore,
downstream task datasets are usually small-scale, making train-
ing video-based LMMs unaffordable.

To address the issues above, in this paper, we introduce
MTransLLAMA, a new efficient temporal modeling framework
that transfers pre-trained image-based LMMs [6] to video under-
standing tasks with only small-scale datasets, as shown in Fig. 2.
Our method enables fewer trainable parameters and achieves
faster adaptation and higher accuracy than pre-training video-
based LMMs. We opt to use a pre-trained image-based LMM to
achieve better scene generalization and adopt early multi-modal
fusion to capture fine-grained visual information in videos based
on guided text, thereby facilitating task transfer. Specifically, we
employ a pre-trained image-text Q-former for spatial modeling
and introduce a low-rank adaptation (LoRA) [11] in the atten-
tion layer. For temporal modeling, we directly transfer most of
the Q-former’s attention layer parameters and perform attention
operations across different dimensions, followed by fine-tuning
with Lora. To better capture the global and local information
of the data, we also employ a dynamic routing-based transfer
technique [12] to achieve dynamic shifting of sample attention.

Our main contributions can be summarized as follows:
� We introduce a new temporal modeling framework of

video-based LMMs, primarily focused on efficiently trans-
ferring to small-scale, fine-grained, domain-specific down-
stream datasets. By efficiently transferring a pre-trained
image LMM into a video-based LMM model, our ap-
proach eliminates the need for a video pre-training phase
and achieves better generalization.

� We propose a novel video multi-modal fusion structure that
integrates spatial modeling, temporal modeling, and text-
visual fusion within a single module, lifting the efficiency
of spatial-temporal information fusion and multi-modal in-
tegration.

� We introduce a new transfer method that dynamically
routes the attention weights in the Transformer across
samples. Compared to traditional transfer techniques, this
method is more effective in handling data with varying at-
tention lengths.

� We demonstrate that our approach excels in training and
inference costs, tunable parameters, computational com-
plexity, and data requirements. It achieves state-of-the-art
performance on various tasks such as Ego-centric QA and
intent detection in multiple small-scale specific video scene
datasets.

II. RELATED WORK

A. Conversation and Speech Video Understanding

The task of understanding dialogue and speeches in videos
has always been a widely explored issue [13], [14], [15], [16],
[17]. Most of the datasets [18], [19] and methods in this field
primarily focus on emotion analysis for specific tasks, identi-
fying the emotions, humor, or sarcasm of the speaker from di-
alogue, speech videos, and subtitle texts. It has been indicated
by Chauhan et al. [20] that there is a close connection between
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sentiment analysis [21], [22], sarcasm detection [23], and humor
detection [24].

Many methods [20], [25], [26] utilized pre-trained Convolu-
tional Neural Network (CNN) [27] and Bidirectional Encoder
Representations from Transformers (Bert) [28] to extract tex-
tual and video features, followed by the use of a Multi-Modal
Transformer [29] for feature fusion. However, these methods
required training attention models from scratch, and it has been
shown that attention mechanisms perform poorly with lim-
ited data. Additionally, these models are hindered by a lack of
domain-specific and general knowledge, failing to fully under-
stand advanced linguistic expertise and visual information. With
the development of LLMs achieving significant success in the
NLP field, InstructERC [30] proposed a method using LLMs
to address emotion recognition tasks. By leveraging the knowl-
edge of large models, it achieved commendable results, but it
only considered the textual modality and did not utilize the video
modality. Furthermore, it required finetuning the LLM, which
incurs high training costs.

B. Video Large Language Models

Large language models such as ChatGPT [2] and LLAMA [1]
have achieved tremendous success in the NLP field. Many works
(like LLAVA [5] and GPT-4 [2]) attempt to integrate other
modalities such as vision and audio to enhance understand-
ing [31], [32]. LLaVA uses adapters [33] to map image in-
formation tokens directly into the natural language represen-
tation space. BLIP-2 [6], leveraging a frozen LLM and Image
Encoder, introduces a feature extraction module Q-former for
multi-modal fusion, based on text-image contrastive learning.
This significantly enhances the capability of multi-modal fea-
ture representation. Building on the success of image and LLM
integration, many works [7], [8], [10] have started focusing
on applying LLMs to video understanding, especially in video
question answering (VQA) tasks (like VideoLLAMA [7]). Vide-
oLLAMA introduced a temporal fusion Q-former for modeling
temporal information. VideoChat [10] uses a Video Founda-
tion Model [34] to obtain video representations and align them
with LLMs. However, all these models underwent pre-training
on extensive video datasets, making the training costs unaf-
fordable for most researchers and practitioners. Our proposed
MTransLLAMA obviates the need for video pre-training and
costly temporal modules, achieving a transition from an image-
based LMM to a video-based LMM. Moreover, these models’
video pre-training datasets are primarily VQA datasets, which
are not efficient for other downstream video understanding tasks
like emotion analysis with a large domain gap.

C. Temporal Modeling

With the advancement of AI, more attention is shifting from
image to video understanding, including tasks like video ques-
tion answering [35], [36], [37] and video action recognition [38],
[39], [40]. Unlike image models, due to the temporal nature of
videos, models require temporal modules for video understand-
ing. With the advent of the Transformer, more work has uti-
lized attention modules as the backbone for video understanding.

With the rise of Image pre-trained models, ViT, CLIP [41], and
their variants (like Deter [42] and DINO [43]) have been intro-
duced, achieving state-of-the-art performance in image classifi-
cation [44], [45], [46], object detection [47], [48], [49], and seg-
mentation [50]. The visual patterns they learn from large-scale
image-text pre-training data are of great value. However, due
to the quadratic complexity growth of Transformers, large tem-
poral convolution modules have introduced significant training
costs for video understanding.

To overcome these limitations, a strategy known as parameter-
efficient transfer [11], [33] has become increasingly popular in
NLP, aiming to fine-tune only a few parameters while keeping
large pre-trained models frozen to achieve strong performance.
As large ViTs develop, these techniques are being introduced
into Computer Vision. However, these works [5], [51] either fo-
cus on tuning pre-trained image models for image task finetun-
ing or adjusting pre-trained video models for downstream video
tasks. Consequently, many works have transferred image-based
pre-trained models to the video domain. Some methods [52] fo-
cus on prompt or sampling modeling, while other methods [53]
design temporal modules as intermediate structures, as illus-
trated in the middle. Yang et al. (AIM) [54] repurpose CLIP’s
attention modules through adapters for efficient video transfer.
However, these methods do not explore multiple modalities, and
the temporal attention of image patches lacks interpretability.
We propose Multi-Modal Query Fine-tuning, achieving model-
ing with a multi-modal Q-former without temporal modules.

III. METHODOLOGY

In this section, we provide a detailed introduction to our
proposed MTransLLAMA framework, which efficiently trans-
fers the image-based LMM to handle video understanding
tasks. It preserves the extensive pre-training knowledge of the
image-text model, resulting in improved transfer generaliza-
tion. MTransLLAMA achieves early multi-modal fusion and
temporal-spatial cyclic fusion by reusing the image-text model.
To endow the image-text model with the ability to under-
stand temporal information and reduce video pre-training costs,
MTransLLAMA proposes a channel swapping method that
reuses multi-modal attention module parameters in the image-
text model (detailed in Section III-B and Section III-C). To better
capture local and global semantics of data, MTransLLAMA in-
troduces a spatial-temporal domain dynamic routing transfer for
multiple modalities (discussed in Section III-D).

A. Overview of MTransLLAMA

Given the context C (including dialogues, instructions, ques-
tions, etc.) and the corresponding video v ∈ RT×3×H×W com-
prising T frames sampled from the video sequence, each of
size H ×W , our proposed MTransLLAMA aims to transfer
an image-based LMM to generate answers Co in natural lan-
guage form with the combination of video and text. The pro-
posed MTransLLAMA has three key components, including
a multi-modal spatial-temporal early fusion module, a multi-
modal query temporal reusing module, and a dynamic attention
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routing module. The goal of each module is briefly described as
follows.

1) Multi-Modal Spatial-Temporal Early Fusion: Traditional
video-based LMMs usually adopt the following mechanism for
question answering (QA), i.e.,

Co = LLM(Et, fθ(Ev,q)), (1)

where Co is the answer generated by LLM; fθ is the spatial-
temporal module with learnable parameters θ; Et, Ev and q
are text embeddings, visual embeddings and learnable queries,
respectively. Unlike the conventional methods, our proposed fu-
sion mechanism extracts the spatial-temporal information of the
dialogue and instruction from early layers and interacts with
visual features, which can be formulated as follows,

Co = LLM(Et, fθ(Et,Ev,q)), (2)

Besides, as shown in Fig. 1, traditional video-based LMMs
place the temporal model modules entirely after the spatial
model modules. However, the output of the spatial models con-
sists of high-level visual features, which lack the interaction of
low-level spatial-temporal information. Our method iteratively
cycles through spatial and temporal modules, accomplishing the
spatial-temporal fusion of multi-modal information at various
granularities.

2) Multi-Modal Query Temporal Reusing: For LLM-based
video understanding methods [7], [10] that deal with tempo-
ral information, a separately trained temporal modeling mod-
ule is typically required. However, pre-training temporal mod-
ules consumes vast data and computational resources, making
it unaffordable to learn fθ in downstream video understand-
ing tasks. Additionally, the video pre-training phase might com-
promise the rich image-text information, leading to a reduction
in transferability. To address the above challenge, our innova-
tive strategy involves reusing the pre-trained self-attention lay-
ers in multi-modal models for temporal modeling. Interestingly,
we find the pre-trained spatial self-attention weights can work
well for temporal modeling with efficient low-rank adaptation
(LoRA). In addition, we adopt a channel swapping strategy to
further reduce the cost of temporal modeling.

3) Dynamic Attention Routing: Existing research [12], [55]
shows that in certain vision and language tasks, multi-modal
reasoning often requires visual attention from different recep-
tive fields. To enable the model to understand both the high-level
semantics and local relations, we propose a dynamic attention
routing (DAR) strategy in our designed multi-modal spatial-
temporal model fθ. The router can automatically select cooper-
ative attention masks. We not only perform dynamic routing on
spatial attentions of the multi-modal data but also on temporal
attentions.

4) Training Loss: During training, we aim for the LLM’s
output answer Co to match our ground truth answer Ca. We
use the cross-entropy loss between the embedding token G of
the ground truth answer Ca and the probability distribution p
of the output answer Co, following the same training process as

all LLM workflows. The loss is shown as follows.

L = −
∑

i

Gi log(pi), (3)

where

G = Tokenizer(Ca), (4)

and Tokenizer maps natural language to the output tokens of the
LLM.

B. Multi-Modal Spatial-Temporal Early Fusion

Given the context C and the corresponding video v, we first
extract the text and visual embeddings like BLIP-2. Text em-
beddings Et ∈ RKT×D are derived from C using a Bert To-
kenizer, where D represents the embedding size, and KT de-
notes the sequence length after padding. The visual embedding
Ev ∈ RT×KV ×D are obtained frame by frame using the Vision
Transformer (ViT) as described by:

Ev = {xi = ViT(vi) | ∀i = 1, . . ., T} (5)

whereKV is the number of tokens after encoding for each frame
image.

Then, these video representationsEv are fed into the Q-former
along with the queries q ∈ RL×D, and text embedding Et for
attention operations, allowing the multi-modal information to
be represented by queries q ∈ RT×L×D, where L is the number
of queries for each image.

At the first MTransLLAMA layer, we update the original
multi-modal query q0 with spatial and temporal position em-
beddings as:

q0
i,l = qi,l + eti + esl , (6)

where qi,l is the original query with sequence index l ∈ (0, L)
and the frame index i; and et and es are the learnable temporal
and spatial positional embedding, respectively.

During the process of extracting video features, each layer
of our feature extractor is composed of spatial self-attention,
temporal self-attention, and cross-attention. By interacting text
and image attention, we achieve the early fusion of text and
visual embedding.

Due to the repetitive structure of the Q-former, we implement
spatial-temporal recurrent feature extraction, which facilitates
the interaction of spatial-temporal features at various granulari-
ties. This approach has been shown to be beneficial in previous
research [36].

C. Multi-Modal Query Temporal Reusing

The reuse of pre-trained self-attention weights in the temporal
modeling includes the channel swapping strategy and the effi-
cient low-rank adaptation (LoRA), as shown in Fig. 3, which are
demonstrated in this subsection in detail.

1) Channel Swapping: We employ an image-text Q-former
for video representation and a frozen projection layer to align
with LLM Tokens. For a batch B of data, we initially flat-
ten B and T channels in queries, i.e., from B × T × L×D
to BT × L×D within each attention module of Q-former.
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Fig. 3. Overview of Parameter Reuse: The temporal module is implemented
by reusing the attention block parameters from the original Q-former, with small-
parameter LoRA fine-tuning applied.

This process allows the video representation to undergo spatial
feature attention operations, enabling information interchange
among different sequence number queries j within a frame i after
they pass through cross-attention and self-attention in Q-former.

In the spatial attention module, we adopt self-attention, de-
noted as S-ATN, for query and text embeddings in the m-th
layer, i.e.,

Et
′,q′ = S-ATNL(Et ∪ q), (7)

where the superscript L for S-ATNL denotes that the attention
is across the L dimension. As shown in Fig. 2, when interacting
with visual embeddings, we calculate cross-attention, denoted
as C-ATN, between visual embeddings and query embeddings,
which can be formulated as follows,

q′ = C-ATNL(Ev,q). (8)

In the temporal module, we reuse the parameters from the
spatial attention module to reduce the cost. In this module, we
reshape the batch data from BT × L×D to BL× T ×D and
calculate attentions across the T dimension as follows,

q′ = S-ATNT (q), (9)

where S-ATNT represents the temporal self-attention operator.
The channel swapping can utilize temporal modeling and spa-

tial modeling to handle the similarity of information, thereby
efficiently processing video temporal information with minimal
parameters.

2) LoRA Fine-Tuning: To ensure that the new video repre-
sentation is understandable by the frozen LLM, inspired by effi-
cient fine-tuning techniques in NLP, we adopt a low-rank matrix

Fig. 4. Overview of Dynamic Attention Routing: when using self-attention to
fuse features between the text and the query, we apply masks M with different
receptive fields to control the attention scope. As the attention progresses through
layers, the selectable routing options increase, and the query is used to learn the
routing probabilities α to choose the routing path.

adaptation (LoRA) approach for fine-tuning the Q and V matri-
ces of the Query attention in Q-former while keeping all other
parameters frozen:

Wqs = Wq + LoRAs(Wq)

Wqt = Wq + LoRAt(Wq) (10)

whereW is the weight of Q-former parameters. s and t represent
the temporal and spatial attention layers, respectively.

D. Dynamic Attention Routing (DAR)

As shown in Fig. 4, in each self-attention layer, we introduce
a dynamic attention routing (DAR), which is a new routing se-
lection mechanism that enables the model to understand both
the high-level semantics and local relations. We initially design
masks {M0, . . . ,Ml} with different receptive fields to accom-
modate varying degrees of attention interaction. As the number
of attention layers increases, we utilize more routing choices,
simulating the modal inconsistencies of different semantic lev-
els.

In the k-th attention layer, the router can route the cooperative
attention masks group {M0, . . . ,Mpk−1}, where pk is the num-
ber of mask matrices in the k-th layer of DAR. We average the
attention weights with different masks using the routing layer to
obtain the final representation after attention:

DAR(q) =
[Wq(Et ∪ q)][Wk(Et ∪ q)]T√

Dh

⊗
pk−1∑

j=0

αjMj ,

(11)
where α is the routing probability. And qm is queries in the
attention module. ⊗ represents the Hadamard product.

The routing probability α of the k-th attention layer can be
obtained by conditional computation on the input. α can adjust
the weighting of subsequent attention routing to achieve control
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over different receptive fields.

α = MLP(APool(q)) (12)

where APool(·) refers to the 1D adaptive average pooling per-
formed over all the embeddings of patches in the image; and
MLP is a two-layer multi-layer perceptron.

IV. EXPERIMENTS

In this section, we describe our experimental setup and present
the results of our experiments. To validate the effectiveness of
our rapid transfer method, we conducted experiments on mul-
tiple datasets. These include video intent analysis datasets and
traditional VQA datasets.

The video intent analysis task, aimed at detecting the emo-
tional intent of speakers, differs from the existing tasks of
video-based LMMs. It requires attention to the speaker’s emo-
tions, a requirement that significantly deviates from video-
based LMM’s video pre-training tasks. We demonstrate quan-
titative results using the Video Sarcasm Detection Dataset
MUStARD [23] and the Video Humor Detection Dataset UR-
Funnyv2 [18]. These datasets encompass tasks across various
conversational video scenarios, each sample consisting of a
video segment and its corresponding dialogue. Our experiments
on these datasets effectively showcase the capability of our
method in analyzing dialogue intent in datasets with significant
domain differences.

The VQA dataset is commonly used in video-based LMMs for
instruction fine-tuning. To measure our method’s transferability
to unknown downstream VQA tasks, we fine-tuned it solely on
the CLEVRER-MC [56] dataset and selected four diverse tasks
from MVBench [57] for testing: Object Existence, Moving Di-
rection, Moving Count, Moving Attribute. These tasks are com-
plex temporal analysis challenges that cannot be solved by ex-
amining just a few frames of an image. Similarly, we conducted
experiments on the qaEgo4d [58] and youcook2 [59] datasets.
Although these QA tasks are relatively common, the scenarios
differ significantly from those in traditional video pre-training
datasets.

A. Datasets

a) MUStARD [23]: The Multimodal Sarcasm Detection
Dataset (MUStARD) stands as the sole available resource for
sarcasm detection in conversational videos. Sourced from well-
known TV shows such as Friends and The Big Bang Theory,
MUStARD comprises audiovisual utterances annotated with
sarcasm labels. Each target utterance is linked to historical dia-
logues, providing essential context for comprehending sarcastic
remarks. We conducted experiments on two commonly used
partitioning schemes, including the original 5-fold partition and
the train-dev-test partition. We labeled the dataset using the
train-dev-test partition as MUStARD*.

b) UR-Funnyv2 [18]: For multimodal humor detection, we
employ the UR-Funnyv2 dataset, gathered from TED talk videos
and featuring three modalities. Like MUStARD, this dataset in-
cludes context preceding the target punchline. Additionally, we
generate a reduced version of UR-Funnyv2 by truncating its

training set. Detailed split statistics for these video intent anal-
ysis datasets are provided in Table I.

c) CLEVRER-MC [56]: The CLEVRER dataset is designed
for evaluating computer vision and language understanding sys-
tems on dynamic scene understanding and causal reasoning. Un-
like the original CLEVR dataset, CLEVRER focuses on video
understanding, featuring synthetic video scenes with various
physical interactions, such as object collisions and movements.

d) MVBench [57]: MVBench is a standardized benchmark
for testing large video models, comprising 20 tasks that are
highly relevant to temporal reasoning, such as Reasoning, Di-
rection, Recognition, and more. It provides a standardized mea-
sure to test the temporal understanding capabilities of Vide-
oLMM. In this context, we selected four of these tasks for
testing.

e) qaEgo4d [58]: qaEgo4d is a video question-answering
dataset focused on egocentric (first-person) video footage. It is
part of the larger Ego4D dataset, which contains extensive video
recordings captured from the wearer’s perspective, offering a
unique viewpoint that emphasizes the individual’s interactions
with their environment. More details are shown in Table II.

f) youcook2 [59]: youcook2 is the largest task-oriented, in-
structional video dataset in the vision community. It contains
2000 long untrimmed videos from 89 cooking recipes; on aver-
age, each distinct recipe has 22 videos. The procedure steps
for each video are annotated with temporal boundaries and
described by imperative English sentences. The videos were
downloaded from YouTube and are all in the third-person
viewpoint.

B. Experimental Setup

We conduct all experiments using a Frozen Vicuna-7B
model [1] and a Q-former model [6] pre-trained on image-text
datasets. In all experiments, we integrate LoRA into both the
query and value projection layer in each attention module of
the Q-former. Only the parameters of LoRA are trained while
Queries and the LLM are frozen.

We train our model using the Pytorch framework on Nvidia-
A40, with 48 GB dedicated memory in each GPU. Similar to
BLIP-2, during our data processing stage, we used ViT and
BERT to extract image and text features, respectively. Through-
out the training process, we kept the parameters of the feature
extraction models frozen. We use pre-trained Q-former feature
extraction models and fine-tune them with LoRA during train-
ing. All other weights are frozen.

We train our model using the AdamW [70] optimizer with
learning rate = 0.0001, betas = (0.9, 0.95), weight decay =
0.05. For Dataset UR-Funnyv2, qaEgo4d, CLEVRER-MC and
youcook2. We train our model with hyper-parameter batchsize
= 2, window size = 4, epoch = 25. The hyper-parameter on
MUStARD and MUStARD* dataset is batchsize = 4, windows
size = 8, epoch = 90.

C. Results, Discussion and Analysis

In this section, we compare our MTransLLAMA model with
various unimodal and multimodal baselines.
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TABLE I
STATISTICS ABOUT THE THREE VIDEO INTENT ANALYSIS DATASETS USED IN OUR EXPERIMENTS

TABLE II
STATISTICS ABOUT THE THREE DATASETS FOR OUT-OF-PRETRAINING SCENES

1) Generalization to Out-of-Pretraining Tasks: In order to
test the performance when the downstream task significantly dif-
fers from the pretraining task, we conducted tests on intent anal-
ysis tasks. Although the scenarios in these datasets frequently
appear in the pretraining data, they are often pre-trained using
video captioning tasks, which differ significantly from the intent
analysis. Intent analysis requires more attention to changes in
facial expressions and the integration of textual information.

The tests include three datasets, UR-Funnyv2, MUStARD,
and MUStARD*. We compare our model with state-of-
the-art (SOTA) methods, including models designed specif-
ically for sarcasm and humor detection MuLOT [63] and
MIL [62], models focusing on multimodal information fu-
sion AGM [64], SimMMDG [65], I2MCL [66], and existing
state-of-the-art video understanding models based on large lan-
guage models VideoLLAMA [7],VideoChat [10], VideoL-
LAMA2 [68],VideoChat2 [57], LLaVA-Video [67] and In-
ternVL2 [69],

Since the test sets of MUStARD and UR-Funnyv2 are bal-
anced, we use binary accuracy as the evaluation metric. The
results are shown in Table III. Based on the results, we have
the following observations. MTransLLAMA is clearly supe-
rior to single-modal methods. Benefiting from the complemen-
tary information of multimodal data, MTransLLAMA improves
19.6% and 7.7% on accuracy compared with visual and textual
methods, respectively, on MUStARD. For Humor Detection,
MTransLLAMA achieved a 9.8% lead over unimodal methods.
On the one hand, compared with only using the data of video
modality, it is relatively more effective in detecting the intent
expressed in the highly semantic text. On the other hand, as
an important unit of expressing intent, videos can significantly
improve the performance of MTransLLAMA.

In contrast to other multi-modal methods that utilize all three
modalities of text, video, and audio, our MTransLLAMA ap-
proach specifically focuses on the text and video modalities and

keeps the audio branch frozen. MTransLLAMA achieves 2.1%,
2.1%, and 1.6% improvements in the accuracy of sarcasm de-
tection and humor detection on UR-Funny2, MUStARD, and
MUStARD*. This result demonstrates that MTransLLAMA is
particularly adept at recognizing intent data.

In comparison to other large language model-based meth-
ods, our MTransLLAMA approach demonstrates significant im-
provements in the same LoRA fine-tuning scenarios. Addition-
ally, in terms of training costs, our model does not specifically
model temporal modules, saving a considerable amount of video
pre-training resources. Specifically, we achieve enhancements of
1.2%, and 2.1% without employing video pre-training on MUS-
tARD. These results clearly indicate the effectiveness of our
method compared to the state-of-the-art methods.

2) Generalization to Out-of-Pretraining Scenes: In order to
test the performance when the scene of the downstream task
significantly differs from the pretraining scene, we conducted
tests on the qaEgo4d, CLEVRER-MC and youcook2 dataset.
These datasets feature first-person perspectives or rare scenar-
ios, which differ significantly from the scenes in the video pre-
training datasets.

To facilitate fair comparison and understanding, we employ
MVBench [57] for testing on CLEVRER-MC. This approach
involves converting the generated answers into multiple-choice
format, thereby enabling objective evaluation. This method al-
lows for quantifiable comparisons and mitigates the subjectivity
often associated with open-ended answers, ensuring a more stan-
dardized assessment of the VQA model’s performance. We eval-
uated performance on the qaEgo4d and youcook2 datasets us-
ing accuracy, ROUGE, and METEOR metrics. We compare our
model with state-of-the-art (SOTA) methods, including models
designed specifically for VQA and video understanding models
based on large language models.

We tested our model on four tasks in CLEVRER-MC. As
shown in Table IV, The results show that InternVL achieves
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TABLE III
PERFORMANCES ON THE VIDEO INTENT ANALYSIS DATASETS

TABLE IV
ACCURACY ON THE CLEVRER-MC DATASET

strong performance on the CLEVRER-MC dataset, and newer
models like LLaVA-Video and VideoLLaMA also demon-
strate impressive results. However, without the use of video
pre-training, and by utilizing only 1% of the training video

dataset and 0.5% of trainable parameters, our model achieves
performance on par with VideoLLaMA2 on the “MA” (Moving
Attribute) and “OE” (Object Existence) tasks, while demon-
strating performance similar to or exceeding that of VideoChat2
and VideoLLaMA on the “MD” (Moving Direction) and “MC”
(Moving Count) tasks. Despite other LLM-based methods, ex-
cept for VideoLLaMA, not keeping the LLM frozen during
training and instead fine-tuning the LLM using LoRA—which
resulted in improved performance—our model still maintains
significantly lower costs.

As shown in Table V, on both the qaEgo4d and youcook2
datasets, our model achieved state-of-the-art performance.
Compared to traditional VQA methods, our model’s accu-
racy on the qaEgo4d dataset is not as high as HCRN. How-
ever, this is because HCRN is a non-generative approach
that requires a predefined answer dictionary and utilizes a
greater number of video frames. Moreover, our method ranks
just below the state-of-the-art InternVL2 among LLM-based
methods.
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TABLE V
PERFORMANCES ON THE VIDEO QUESTION ANSWERING DATASETS ARE

EVALUATED USING ACCURACY (ACC), AS WELL AS METEOR (M) AND

ROUGE, TWO COMMON TEXT TRANSLATION METRICS, TO REPRESENT THE

RESULTS

TABLE VI
COMPARISON IN PARAMETERS AND TIME EFFICIENCY BETWEEN OUR METHOD

AND OTHER VIDEO-BASED LMMS

As shown in Table VI, we also compare our method with
different video-based LMMs. In terms of efficiency, the main
advantage of our approach is the savings during the Video
Pretraining phase, which requires a large amount of video
data, such as WebVid-2M, and consumes resources nearly a
hundred times more than the subsequent fine-tuning phase.
Moreover, as the frame number increases, our model has
lower memory usage and algorithmic complexity compared
to other models. Additionally, our model has the fewest tun-
able parameters, and by freezing the projection layer and
the large language model, it becomes easier to train and
fine-tune.

D. Ablation Study

To probe the effectiveness of each component in
MTransLLAMA, we conduct ablation experiments. All
the experiments are implemented by Q-former and
LLAMA-7B.

Our goal is to add a few tunable parameters to the frozen
space-only model and close the gap to the video pre-trained

TABLE VII
ABLATION STUDY ON THE MUSTARD AND QAEGO4D DATASETS

model. To validate the effectiveness of Multimodal Query Tem-
poral Reusing (MQT), we conducted experiments by removing
the MQT module and only using the spatial information extrac-
tor to concatenate frames of images. As shown in Table VII,
the performance of the frozen space-only model rapidly de-
clined, despite using more tokens and spending more time in
this setting. This indicates that our temporal adaptation intro-
duces strong temporal modeling to the space-only model. These
results successfully validate the effectiveness of our proposed
MQT module.

We also evaluate UniFusion and DAR in Table VII. To mea-
sure the effectiveness of UniFusion, we controlled the input
modalities to observe the impact on performance. Our exper-
iments included dual-modal training with and without early
modality fusion using UniFusion. Compared to other fusion
methods, our UniFusion system performed the best, highlight-
ing the importance of early modality interaction for informa-
tion exchange. Early fusion refers to our approach of inputting
textual information into the Q-former for modality fusion. Com-
pared to previous methods that align vision to text, this approach
extracts features more effectively and significantly reduces the
token usage of the LLM, making it highly efficient in conserving
computational resources. Our early fusion method shows a no-
ticeable improvement in UrFunnyv2, a humor detection dataset,
where enhanced text analysis is crucial. It also performs well in
qaEgo4d, where it better integrates instructions with key visual
regions.

E. Case Study

We conducted case studies on the performance of
MtransLLAMA across various datasets, exploring its transfer
capabilities in downstream video datasets, including task trans-
fer and scene transfer. As shown in Fig. 5, we performed a
comparative evaluation of MtransLLAMA with previous meth-
ods. In the sarcasm detection task, MTransLLAMA only in-
puts the question into the LLM and the dialogue into the multi-
modal fusion module, while other methods require inputting
both the question and the dialogue. For sarcasm detection,
MTransLLAMA provides excellent responses based on video
information and textual dialogue, producing fewer hallucina-
tions. In the youcook2 dataset, MTransLLAMA also demon-
strated strong generalization capabilities in datasets with rare
scenes.
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Fig. 5. Case Study: The first clip is extracted from the MUStARD dataset, and the second clip is from the youcook2 dataset. We demonstrate the outputs of
different LMMs.

V. CONCLUSION

Our model performs well when encountering scenes and
tasks that were not seen during video pretraining. However,
if the downstream task closely resembles the original pre-
training dataset, such as CLEVRER-MC, our model’s per-
formance falls short compared to the original video analysis
models.

In this paper, we propose a novel LMM-based video un-
derstanding model that addresses the challenge of poor trans-
ferability and generalization in traditional video understand-
ing models. This model achieves efficient transfer from an
image-text LMM to a video-text LMM by incorporating
temporal capabilities through parameter sharing and chan-
nel swapping in a pre-trained image-text model. Final ex-
periments demonstrate that our model achieves state-of-the-
art performance in multiple small-scale specific video scene
datasets.
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