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Abstract

Driven by the wave of large language models, Video-
Language Models (VLMs) have become a significant yet
challenging technology to bridge the gap between videos and
texts. Although previous VLM works have made significant
progress, almost all of them implicitly assume that all the
texts are predefined by the specific template. In real-world
applications, such a strict assumption is impossible to satisfy
since 1) predefining all the texts is extremely time-consuming
and labor-intensive. 2) these predefined text inputs are too re-
strictive and user-unfriendly, limiting their applications. It is
observed that given a video input, texts with similar semantics
but different templates lead to various performances. To this
end, in this paper, we propose a novel plug-and-play frame-
work for various VLM-based methods to fully bridge videos
and texts. Specifically, we first generate positive and nega-
tive texts from the original ones to target specific text com-
ponents. Then, we propose an attribute-based text reasoning
strategy to mine fine-grained textual semantics of generated
texts. Finally, we utilize videos as guidance to conduct cross-
modal bridging by designing a self-weighted loss. Extensive
experiments show that the proposed method can serve as the
plug-and-play module to effectively improve the performance
of state-of-the-art VLMs.

Introduction
Due to remarkable success, Video-Language Models
(VLMs) have attracted more and more attention (Rizve et al.
2024; Fang, Zhang, and Chan 2026; Fang et al. 2025a,
2023c, 2022; Jia et al. 2025b,a, 2024, 2020; Qiu et al.
2023, 2025b, 2024b, 2025a, 2024a; Liang et al. 2023a, 2025,
2023b). VLMs require cooperation from both computer vi-
sion and natural language processing for precise semantic
alignment and have a wide range of applications such as
video summarization (Abdar et al. 2024; Fang et al. 2023b;
Fang, Fang, and Wang 2025; Fang, Easwaran, and Genest
2025; Fang and Fang 2026; Fang, Fang, and Wang 2026;
Fang et al. 2026, 2025c, 2024b, 2025d,b, 2024a,c, 2023a,
2021b; Fang, Easwaran, and Genest 2025; Fang et al. 2020,
2021a; Fang, Easwaran, and Genest 2024; Fang and Hu
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2020) and video question answering (Yu et al. 2024). Bene-
fiting from the strong knowledge integration ability in large
language models (LLMs) (Fang, Zhang, and Chan 2026;
Zhang et al. 2025; Liu et al. 2023, 2024), VLMs show supe-
rior performances in solving complex image-language tasks
by utilizing appropriate human-instructed prompts (Hakim
et al. 2023; Wang et al. 2025a,b; Wang, Fang, and Tiwari
2025; Wang et al. 2026, 2025c). In VLMs, the sentence text
is the most important input that accompanies the video due
to its human-friendly and descriptive nature (Zhang 2018;
Zhang et al. 2022).

Current VLMs contain three main popular yet challeng-
ing tasks in Figure 1: video question answering (VideoQA)
(Gao et al. 2023), video sentence grounding (VSG) (Zhang
et al. 2023) and video-text retrieval (VTR) (Zhu et al. 2023).
VideoQA is a significant multi-modal task where a model is
given a video along with a natural language question about
the video content, and it must generate or select the correct
answer. The task requires the model to understand the visual
cues in the video, as well as the language of the question, to
provide relevant and accurate responses. Given a language
text and an untrimmed video, VSG aims at retrieving the
start and end timestamps of the target video moment, seman-
tically according to a sentence text. Given a language text,
VTR targets to retrieve relevant videos from a large video
database, which can be either text-based (text-to-video re-
trieval) or video-based (video-to-video retrieval). The sig-
nificant goal of VTR is to find videos that best match the
given input by analyzing visual content, actions, and some-
times audio cues. The performance in above three down-
stream tasks depends on their capability to extract video fea-
tures and align them with text features. Some VLM-based
methods only perform data augmentations on the video in-
put to improve the model robustness during training in every
epoch. Unfortunately, existing methods only utilize prede-
fined texts without any augmentation. In real-world appli-
cations, these sentence texts with similar textual semantics
might be inputted with different structure/vocabulary varia-
tions from various users. As shown in Figure 1(b), the text
(“Person pours water into a glass”) shares the same seman-
tics as the text (“Water is poured into a glass by person”).
However, previous methods yield dissimilar grounding re-
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Figure 1: (a-c) Example of the VLM tasks (VSG, VideoQA and VTR), where our proposed method can serve as a plug-and-play
module for previous VLM models to enhance their efficiency. (d) Pipeline of our method.

sults in Figure 1. The main reason is that these methods can-
not utilize their weak text encoder to learn discriminative
textual representations, which illustrates the significance of
handling the text variations. Therefore, it is important to en-
sure that the designed VLM-based method is robust enough
to deal with various texts with different templates. However,
existing language augmentation approaches are not suffi-
ciently effective to integrate the multi-modal inputs. Some
methods target to replace or mask some words in a sentence,
which only brings limited influence in diversifying the text
structure/vocabulary. It is comparatively weaker than video
augmentations. The target language augmentation approach
should effectively rewrite sentence texts while reserving the
core textual semantics. The approach is urgently required for
model training to achieve the best results.

In this paper, we propose a simple yet highly effective
framework to improve the robustness and performance of
VLMs. Specifically, we generate multiple variants of each
text in the video-text pairs. Based on the variation-origin
pairs, we utilize them as examples to diversify all the texts
in video-text datasets. Different from previous sentence aug-
mentation works that only change some words to preserve
sentence structures, we generate rich variations for diverse
text inputs due to their extensive training datasets and emer-
gent properties. Based on the above sentence augmentation,
each video corresponds to diverse texts. Moreover, we uti-
lize the original as the anchor to generate various hard neg-
ative texts by changing different sentence parts. In particu-
lar, we utilize precise prompt engineering to modify specific
parts of the sentence with the rest parts unchanged. Also,
we generate positive samples that lie relatively far from the
anchor in the embedding space. To further understand the
latent textual semantics, we design an attribute-based text
reasoning strategy for fine-grained text mining. To bridge
videos and texts, we incorporate these generated text sam-
ples with the video as guidance by a self-weighted cross-

fusion loss. With these diverse texts, we target to train VLM
models with augmentation from the text perspective.

Our main contributions are summarized as follows: 1) We
make the first attempt to explore the effect of the template-
free text for the robust VLM task, where we localize the tar-
get activity by a user-friendly text with any form instead of
a predefined text. Also, we propose a novel plug-and-play
framework for VLM-based methods to fully understand the
text inputs. 2) We first generate diverse positive and nega-
tive texts by augment the original text from word and struc-
ture levels. To selectively integrate these generated texts,
we design two modules (generating multi-level texts mod-
ule and attribute-based text reasoning module) to understand
the text input from different granularity. Besides, a video-
guided self-weighted cross-modal bridging loss is proposed
to integrate these sentence components by assigning adap-
tive weights to these components. 3) For three representative
downstream tasks (VSG, VideoQA and VTR), we conduct
experiments on many popular yet challenging datasets. To
obtain different text types, we leverage LLMs to construct
a small set of variation-origin by two strategies: original
datasets and augmented datasets. 4) Extensive experimen-
tal results on both original datasets and augmented datasets
show that our proposed model can serve as a plug-and-play
module for state-of-the-art VLM-based methods.

Related Works
Video-language models (VLMs). The breakthrough of
LLMs in language-oriented tasks (Ma et al. 2024; Zhang
et al. 2025) and the emergence of GPT-4 have prompted
researchers to explore the potential of LLMs in assisting
with a range of tasks across multi-modal scenarios (Car-
olan, Fennelly, and Smeaton 2024). This has led to the de-
velopment of a new field, namely VLMs. A variety of strate-
gies and models have been proposed to address the discrep-
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Figure 2: Illustration of our proposed framework.

ancy between text and other modalities. Some works em-
ploy learnable texts to extract visual information and gen-
erate language using LLMs conditioned on the visual fea-
tures. Models including GPT-4o, MiniGPT-4 and LLaVA
learn simple projection layers to align the visual features
from visual encoders with text embeddings for LLMs. Addi-
tionally, parameter-efficient fine-tuning is adopted by intro-
ducing lightweight trainable adapters into models. Several
benchmarks have verified that VLMs demonstrate satisfac-
tory performance on visual perception and comprehension.

Although these methods have achieved promising results,
all of them heavily rely on correctly aligned multi-modal
datasets. Therefore, it is highly expected to develop a VLM
model that is robust to different texts with similar semantics,
which has not been studied as far as we know. Thus, we make
the first attempt to reveal the text understanding problem in
VLM task and propose to eliminate the negative impact of
the different texts with any template.

Methodology
We elaborate on the proposed method, which strengthens
the text encoder to obtain consistent representations for var-
ious semantically similar texts in real-world multi-modal
datasets (e.g., Charades-STA (Sigurdsson et al. 2016)), mul-
tiple semantics-similar texts often share a video moment
with the target activity. For example, “Person opens the
door” and “The door is opened by person” have similar se-
mantics. Since the text template is fixed, it is still challenging
to diversify the text input. Thus, we design a text augmenta-
tion module to generate semantically similar texts. The over-
all framework is shown in Figure 2.
Problem statement. Due to the strong language process-
ing ability of of LLMs, we utilize LLMs to generate var-
ious texts by replacing different components for simulat-
ing the practical labeling process in the format-free set-
ting. Previous VLM methods (Yu et al. 2023; Wang et al.
2022, 2024) cannot well handle these texts with similar se-

mantics since they do not fully understand the textual in-
formation in the sentence. To address the existing models’
limitations in correlating major sentence parts with suit-
able video representations, we present a novel plug-and-play
framework to fully understand the language input by gener-
ating negative and positive samples targeting specific sen-
tence parts. These samples facilitate improved perception of
specific parts of the sentence, eventually enhancing the un-
derstanding of video-language correlation. We use the gen-
erated samples as auxiliary samples alongside the original
training samples by employing a novel video-guided self-
weighted cross-modal bridging loss. The proposed approach
is application-agnostic and can be adopted successfully in
various downstream multi-modal tasks.

Multi-level Text Augmentation
By treating original texts as anchors, we leverage LLMs for
generating positive and negative texts to fully understand
the texts, where we regard the generated text sharing sim-
ilar semantics as a positive text; otherwise, the generated
text is negative. Real-world datasets include multiple video-
text pairs (V,Q), where V denotes the video and Q denotes
one of corresponding texts. We denote {Q1, . . . , QM} as the
textual input set in the VLM task, where M denotes the to-
tal number of sentences. For the m-th text, we denote the
generated positive text as Pm and the negative text as Nm .
To obtain diverse generated texts, we adopt three text aug-
mentation approaches: human-based , chat robot-based and
open-source LLM-based. For convenience, we term the pair
of generated text and original text as variation-origin text
pairs. These texts differ in two levels: word level and sen-
tence structure level. Therefore, we have two types of text
augmentation by a two-step process: word-level augmenta-
tion and structure-level augmentation. For convenience, we
take the positive text augmentation as an example.
Word-level augmentation. In the first step, we directly
rewrite the original text by changing some words. With pre-
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trained LLMs, we can rewrite all the texts by the following
prompt: P ′

i,m ← LLM(Qm, “Rewrite the text ‘text’ con-
cisely by changing the i-th word while keeping the mean-
ing”), where text is substituted with the given text, and we
utilize the underlined text to prompt our model for produc-
ing morphologically diverse text expressions.

To evaluate the significance of qi on the semantics of Qm,
we can evaluate the semantic change before and after re-
moving this word: S1(qi, Qm, c) = 1 − cos(c ∪ Qm, c ∪
Qm \ {qi}), where c denotes the prompt and cos(·, ·) is the
cosine similarity function. In real-world applications, larger
S1(qi, Qm, c) denotes that removing qi will lead to signifi-
cant semantic changing, indicating that qi is more relevant.
Structure-level augmentation. Since different users tend
to utilize various text structures for video grounding, we
need to augment the text structure for more diverse texts.
Similarly, we utilize the following prompt for structure-
level rewriting: Pi,m ← LLM(P ′

i,m, “Rewrite the text
‘text’ concisely by changing the text structure while keep-
ing the meaning”). Given a sentence Qm, we define the
sentence-level relevance of Qi

m as the probability-weighted
semantic similarity with other sentences: S2(Q

i
m, Qj

m, c) =∑
j=1,j ̸=i cos(Q

i
m, Qj

m)p(Qj
m|c), where p(Qj

m, c) denotes
the generative probability that provides more confidence to
Qj

m, and higher p(Qj
m, c) makes Qj

m more acceptable. An
intuitive observation is that if a sentence is semantically con-
sistent with other sentences, the sentence is more convincing
and more representative.

Similar to positive text augmentation, we generate neg-
ative texts by changing their words and sentence structure.
Thus, based on the multi-level language rewriting, we can
conduct coarse-grained language alignment for text aug-
mentation.

Attribute-based Text Reasoning
In fact, Section only considers the semantics of the sen-
tence itself, ignoring the latent information of the sentence.
For example, “a person is driving a car” contains two sig-
nificant objects: “person” and “car”. “person” corresponds
to the following attributes: a head, two eyes, two arms, etc,
while the attributes of “car” include: four wheels, a steering
wheel, etc. There attributes will assist VLMs to understand
videos and texts for bridging the visual and textual gap.
Attribute generation. For some semantically similar sen-
tences, they always have similar attributes. Therefore, we
generate the attributes for all positive and negative texts. Al-
though embedding attributes can help us to understand the
sentence, current VLM models cannot fully understand the
latent semantics. For example, “a person is driving a car”
and “a car is running on the road” have similar semantics.
Therefore, rather than directly using the original sentence,
we design a model with high confidence in visual attributes.
Two intuitions are considered in this model: 1) different
from the original sentence, aligning explicitly with visual
attributes can push the deigned model to mine the inherent
semantics in the given sentence. 2) visual attributes contain
more fine-grained features, which can provide more details
for cross-modal reasoning.

Figure 3: Our attribute selection module.

Firstly, we utilize video and text encoders to extract the
video and text features. Since our model is plug-and-play,
it does not depend on specific feature encoders. For the fair
comparison, we adopt the same video and text encoders with
compared methods. For the text Q with J words, we denote
word-level text feature as fW = {fw

j }Jj=1 ∈ RJ×d and the
sentence-level text feature as fq ∈ Rd, where d is feature
dimension. Similarly, we denote the extracted video features
as fV = {fv

i }
Nv
i=1 ∈ RNv×d, where Nv is the frame number.

Attribute sampling. We find that some generated attributes
have a stronger semantic correlation with visual features
than others, and some attributes have less significance (even
may be hallucination information), which will lead to high
computational cost. Therefore, removing some low signifi-
cance can not only decrease the computational cost but also
improve the model generalization. As shown in Figure 3, we
address the problem by selecting effective attributes from
an attribute pool. Two main criteria are utilized during the
attribute selection: Firstly, we prioritize attributes that are
both representative and non-redundant. Secondly, we seek
attributes with the highest semantic relevance to the images
when compared to other attributes. Finally, we use the fol-
lowing steps for attributes: 1) For the attributes am asso-
ciated with sentence Q, we partition them into Nc clus-
ters based on their feature similarity. This clustering strategy
aims to ensure that each cluster represents a distinct aspect,
e.g., color or shape, in the descriptions. 2) In each cluster,
we rank the attributes by assessing their similarity to visual
features, and select the one with the highest relevance. By
the above strategy, the following attributes will be filtered
out: non-visual attributes and incorrect visual attributes that
are semantics-unrelated to the videos. To obtain optimal at-
tributes, we introduce three attribute selection strategies:
Semantic-based selection. Firstly, we want to make the sen-
tence text has the similar semantics with its generated at-
tributes. Since the natural language inference (NLI) model
(Chen et al. 2017) can mine the relationship between texts
and the attributes by inferring the logical entailment, we in-
troduce an NLI-based binary filter (fnli) as a critic, and dis-
card the pairs which do not achieve the entailment score over
the threshold γ1: O1(x, y) = ⊮{fnli(x⇒ y) ≥ γ1}, where
x denotes the input, and y means the output.
Format-based selection. When we rewrite the given sen-
tence, we need to make the format of the given sentence
various, and preserve its original meaning. Thus, we want
to filter the origin-variance pair to learn the format-free dis-
similarity. Especially, two metrics are used to evaluate the
dissimilarity: 1) the token overlap between different sen-
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tences and 2) their syntactic difference. For the first, we
filter the pairs with a higher Rouge-L (Lin 2004) than a
threshold γ3. As for the syntactic difference, we first parse
the constituency tree of the origin and variety, and then fil-
ter the pairs based on their tree edit distance: O2(x, y) =
⊮{Dt(x, y) ≥ γ2 ∧ frou(x, y) ≤ γ3}, where Dt(·, ·) de-
notes the tree edit distance. The two dimensions of dissim-
ilarity complement each other. On the one hand, frou(·, ·)
promotes lexical divergence in each pair. On the other hand,
Dt(·, ·) can be used to preempt “hacking” the word-overlap
metric by simply switching a few words in the source sen-
tence with corresponding synonyms.
Diversity-based selection. For sentence rewriting, we need
a diverse range of generated sentences since the diversity
of attributes can directly affect the robustness of the trained
model. Therefore, we introduce a critic O3 for the diversity.
We define two pairs (x1, y1) and (x2, y2) to be duplicates
when one pair entails another, either on the input side (x1 ⇒
x2) or on the output side (y1 ⇒ y2). In the diversity filter,
we first cluster all entailing pairs, and then discard all but
one with the largest entailment score. Thus, we can utilize
the graph traversal for the diversity filter.

Based on the above critics, we can filter the attribute can-
didate pool A into an updated pool U : U = {(x, y)|(x, y) ∈
A, O1 ∧O2 ∧O3(x, y) = 1}.

Video-guided Self-weighted Cross-modal Bridging
In fact, different words (e.g., noun, verb, and adjective) have
distinct significance in text understanding. For instance,
some adjectives are more important for video grounding in
some cases, while some verbs are more significant for dis-
tinguishing different target moments. Previous VLM meth-
ods treat all sentence components equally, which might limit
these methods to fully understand the entire sentence. For
example, if there is no adjective in the anchor text, the nega-
tive text with adjectives cannot contribute to our model since
the adjective is not discriminative for the text. Thus, we aim
to analyze the relative significance of each word to adap-
tively integrate different words, where we adaptively pre-
dict the salience of sentence components for each anchor
text. Without any supervision, we can obtain the significance
score which means which word is more significant for text
understanding. Therefore, we can find an optimal integration
strategy of sentence components, which makes VLM selec-
tively understand different sentence components for a query.
Cross-modal bridging. Based on these positive and hard
negative samples, we can encourage the designed VLM
models to distinguish the difference between different words
in each sentence part. For supervising the VLM model to
understand the text input, we introduce the following loss
based on three types of text input:

Li
cl=−log

β · exp[1/τ · cos (fV,gn
i )]

(1−β)· exp[1/τ · cos (fV,g
pi
i )]+β ·exp[1/τ ·cos(fV,gn

i )]
,

where β ∈ (0, 1) is a parameter; gi denotes the i-th text;
g
ni,j

i and gpi

i denote the the negative text and the positive
text, respectively; τ denotes the temperature parameter. By
Li
cl, we can enhance the effectiveness of the designed model

by these generated auxiliary texts.

Method
Without text augmentation With text augmentation
R@1↑ R@5↑ R@10↑ R@1↑ R@5↑ R@10↑

Text-to-video retrieval
CLIP-ViT-B/32

X-Pool 46.9 72.8 82.2 40.1 68.2 76.5
+Ours 47.8 74.9 83.5 45.9 72.3 81.4

CLIP-ViP 50.1 74.8 84.6 42.3 69.4 77.8
+Ours 51.7 75.3 85.9 50.4 73.6 84.5

T-MASS 50.2 75.3 85.1 42.1 68.9 79.2
+Ours 52.3 77.9 87.6 51.4 70.2 81.3

CLIP-ViT-B/16
X-Pool 48.2 73.7 82.6 39.7 68.5 78.4
+Ours 50.7 76.2 85.2 48.9 75.3 84.0

CLIP-ViP 54.2 77.2 84.8 51.2 73.9 80.4
+Ours 56.8 79.4 85.9 53.6 77.8 84.2

T-MASS 52.7 77.1 85.6 49.2 70.5 83.9
+Ours 54.9 82.6 86.8 53.4 81.0 86.2

Video-to-text retrieval
CLIP-ViT-B/32

X-Pool 44.4 73.3 84.0 41.2 68.5 80.4
+Ours 45.8 76.4 87.3 42.7 74.5 86.0
UATVR 46.9 73.8 83.8 43.0 67.9 78.3
+Ours 49.7 75.6 86.4 47.8 74.0 83.9

T-MASS 47.7 78.0 86.3 42.9 73.5 82.6
+Ours 51.5 79.9 89.8 49.5 78.1 87.5

CLIP-ViT-B/16
X-Pool 46.4 73.9 84.1 42.8 72.0 81.6
+Ours 50.2 77.4 86.3 48.7 76.0 84.2
UATVR 48.1 76.3 85.4 41.6 73.0 81.9
+Ours 50.9 77.4 90.5 48.9 76.3 87.9

T-MASS 50.9 80.2 88.0 48.3 75.6 84.9
+Ours 53.7 84.2 91.5 50.8 82.7 90.4

Table 1: Video text retrieval comparisons on MSR-VTT.

Method(# Frames)
w/o text augmentation w/ text augmentation

Int↑ Seq↑ Pre↑ Fea↑ Int↑ Seq↑ Pre↑ Fea↑
All-in-One (32) 47.5 50.8 47.7 44.0 42.9 48.5 44.0 40.2

+Ours (32) 48.3 51.9 49.6 45.7 47.9 51.3 48.7 44.3
InternVideo (8) 62.7 65.6 54.9 51.9 55.6 61.0 50.3 47.2

+Ours (8) 63.8 67.7 58.9 55.2 61.8 64.9 57.4 54.3
BLIP-2 (4) 65.4 69.0 59.7 54.2 60.9 66.3 54.3 50.1
+Ours (4) 67.8 72.5 61.4 56.8 66.2 71.6 58.7 55.3

Table 2: Comparison Results on STAR VideoQA.

Self-weighted supervision. Since the visual features have
higher computational complexity, we generate the positive
and negative texts only by the original text (i.e., anchor text)
without considering the video input. Since different words
contribute variously to sentence understanding, we target to
find the most discriminative word for better text understand-
ing by the following loss:

Li
CL = max(Li,1

cl ,L
i,2
cl , . . . ,L

i,C
cl ). (1)

For C losses (Li,1
cl , . . . ,L

i,C
cl ), eachLi

cl corresponds to a spe-
cific negative text, where the corresponding sentence com-
ponent is changed. In Eq. (1), the maximum of these decom-
posed losses corresponds to the sentence component that is
most clearly identified. Considering the significance score,
we can obtain the finally video-guided self-weighted cross-
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Method(# Frames)
w/o text augmentation w text augmentation

Method(# Frames)
w/o text augmentation w text augmentation

Tem↑ Cau↑ Des↑ Tem↑ Cau↑ Des↑ Tem↑ Cau↑ Des↑ Tem↑ Cau↑ Des↑
All-in-One(32) 48.6 48.0 63.2 40.2 37.9 53.8 InternVideo(8) 58.5 62.5 75.8 52.9 57.4 70.3

+Ours(32) 50.1 51.9 64.7 48.6 50.2 61.3 +Ours(8) 62.5 66.3 76.4 61.8 59.7 74.5
Just Ask(20) 51.4 49.6 63.1 42.7 40.1 54.0 BLIP-2(4) 67.2 70.3 79.8 64.0 61.9 72.3
+Ours(20) 54.3 52.9 67.8 50.9 49.3 62.7 +Ours(4) 70.1 72.9 80.4 69.2 70.1 78.4
MIST(32) 56.6 54.6 66.9 51.9 48.2 55.3 SeViLA(4) 67.7 72.1 82.2 64.0 66.8 76.9
+Ours(32) 60.3 56.9 69.8 57.2 55.4 67.9 +Ours(4) 72.4 74.9 85.3 70.5 72.7 83.9
HiTeA(16) 58.3 62.4 75.6 52.2 57.6 59.3 VideoQA-TA(4) 58.9 63.2 76.0 52.1 57.9 58.5
+Ours(16) 62.8 65.7 77.3 60.4 63.9 74.9 +Ours(4) 63.4 66.1 77.9 61.8 64.7 76.5

Table 3: VideoQA performance comparison on NExT-QA, where the value means the accuracy of providing the right answer.

Method Type

ActivityNet Captions Charades-STA
w/o text augmentation w/ text augmentation w/o text augmentation w/ text augmentation

R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5,
IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

2D-TAN FS 59.45 44.51 85.53 77.13 48.32 29.38 71.36 62.30 39.81 23.25 79.33 52.15 20.18 11.35 47.05 33.82
+Ours FS 60.46 45.29 87.94 77.43 51.86 32.64 72.98 63.75 40.27 24.95 82.96 53.28 23.99 14.75 49.22 34.18
MMN FS 65.05 48.59 87.25 79.50 55.30 31.76 74.88 71.52 47.31 27.28 83.74 58.41 25.33 18.80 45.97 35.08
+Ours FS 66.05 49.31 89.75 81.27 58.76 33.08 75.33 73.59 49.07 29.32 85.06 60.13 26.87 22.48 46.03 37.85
G2L FS - 51.68 - 81.32 55.75 33.01 75.25 70.89 47.91 28.42 84.80 59.33 26.54 19.85 48.06 36.70

+Ours FS 66.34 54.26 91.77 84.29 60.90 46.86 84.39 80.62 55.77 32.97 91.38 60.39 34.85 27.96 74.28 46.70
BM-DETR FS - 49.62 - - 56.24 33.52 75.34 70.26 54.42 33.84 - - 28.10 21.43 47.26 35.29

+Ours FS 66.85 54.35 92.13 85.13 61.98 47.93 85.27 81.38 56.20 33.51 92.15 60.92 35.75 28.74 75.13 47.82
VCA WS 50.45 31.00 71.79 53.83 31.74 25.37 46.98 42.76 38.13 19.57 78.75 37.75 17.87 12.39 45.70 22.13

+Ours WS 51.72 33.19 72.85 55.11 32.99 28.56 48.31 44.07 40.95 20.31 80.42 39.26 18.63 15.72 46.17 23.88
WSTAN WS 52.45 30.01 79.38 63.42 33.72 25.74 49.30 45.88 29.35 12.28 76.13 41.53 8.15 5.43 35.27 11.86
+Ours WS 53.10 31.56 80.24 65.77 35.20 27.99 51.84 48.69 30.24 14.06 77.35 42.99 10.77 6.92 37.40 13.88
CNM WS 55.68 33.33 - - 35.72 28.95 50.06 48.72 35.15 14.95 - - 14.34 9.65 43.88 18.79
+Ours WS 56.11 34.08 81.09 67.34 39.56 31.77 52.88 51.99 35.72 16.33 76.52 43.18 16.83 12.05 45.60 21.64
MCMT WS 58.82 33.97 - - 36.21 29.52 50.78 48.21 36.23 15.29 - - 15.75 9.84 44.21 19.67
+Ours WS 56.75 35.12 82.43 68.72 40.25 32.42 53.40 52.74 36.81 17.00 78.59 45.27 17.53 13.24 46.82 22.87

Table 4: VSG performance comparison, where “FS” is “fully-supervised” and “WS” is “weakly-supervised”.

modal bridging loss:

Lweighted=
∑

i,j,m,c
S1(qi, Qm, c)·S2(Q

i
m, Qj

m, c)·Li
CL. (2)

Since our method is plug-and-play, we borrow the cross-
modal fusion module from an open-source works into our
framework, which is the base version of our method.

Experiments
Datasets. For a fair comparison, we utilize the following
datasets: 1) For VSG, we utilize three datasets: ActivityNet
Captions (Caba Heilbron et al. 2015), and Charades-STA
(Sigurdsson et al. 2016) and TACoS (Regneri et al. 2013).
2) For VTR, we adopt two datasets: MSRVTT (Xu et al.
2016) and LSMDC. 3) For VideoQA, we use two datasets:
NExT-QA (Xiao et al. 2021) and STAR (Wu et al. 2021).
Compared methods For better reproducibility, we compare
some open-source state-of-the-art works from three multi-
modal tasks. 1) VTR (text-to-video retrieval and video-to-
text retrieval. 2) VideoQA. 3) VSG.
Evaluation metrics. For VTR, we utilize Recall at rank
{1, 5, 10} (R@1, R@5, and R@10), Median Rank (MdR),
and Mean Rank (MnR) for evaluating the retrieval perfor-
mance. For VSG, we evaluate the grounding performance by

“R@n, IoU=m”, which means the percentage of queries hav-
ing at least one result whose Intersection over Union (IoU)
with ground truth is larger than m. For VideoQA, we intro-
duce seven metrics: temporal (Tem), causal (Cau), descrip-
tion (Des), interaction (Int), sequence (Seq), prediction (Pre)
and feasibility (Fea). Bold denotes the best performance.

Performance Comparison
Following previous open-source methods, we directly cite
the corresponding results from compared methods. In this
paper, we treat our as the plug-and-play module for state-of-
the-art VLM models to improve their performance.
Performance comparison on the VTR task. VTR is a
challenging multi-modal task, which requires the designed
model can effectively bridge the gap between videos and
texts. In this paper, we consider two subtask: text-to-video
retrieval and video-to-text retrieval. Table 1 illustrates the
effectiveness of our model as the plug-and-play module for
previous VTR methods. We can find that when using aug-
mented text, all the compared methods suffer performance
degradation. The core reason is that previous VTR methods
pay less attention to the language input, and ignore much
language information in the sentence query. By using our
model as the plug-and-play module, previous method can
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Model
ActivityNet Captions Charades-STA

R@1 R@1 R@5 R@5 R@1 R@1 R@5 R@5
IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

Ours(a) 53.77 40.28 76.94 72.25 28.51 20.34 67.85 38.71
Ours(b) 55.35 42.03 79.50 74.91 30.88 23.92 70.66 41.58
Ours(c) 57.63 43.86 81.34 77.99 32.50 24.03 71.76 42.92

Ours(full) 60.90 46.86 84.39 80.62 34.85 27.96 74.28 46.70

Table 5: Main ablation study for VSG with G2L as the base
model, where we remove each key individual component to
show its effectiveness.

Figure 4: Training performance of each ablation module
with text augmentation on the ActivityNet Captions dataset
(left, VSG), the NexT-QA dataset (right, VideoQA).

obtain significant performance improvement.
Performance comparison on the VideoQA task. Simi-
lar to the VTR task, we conduct performance comparison
VideoQA performance comparison. The experimental re-
sults are summarized in Tables 2 and 3, where the perfor-
mance of previous methods was unsatisfactory.
Performance comparison on the VSG task. We conduct
VSG performance comparison on all three datasets under
both fully- and weakly-supervised settings. Tables 4 re-
ports the quantitative comparison results. Obviously, our
proposed model can help state-of-the-art VSG methods for
performance improvement over all metrics on three datasets,
which demonstrates the superiority of our proposed model.

Ablation Study and Analysis
Main ablation studies. To demonstrate the effectiveness of
each component in our model, we conduct ablation studies
regarding the components in Table 5. In particular, we re-
move each key individual module to investigate its contri-
bution. For convenience, we design four ablation models:
1) Ours(a). We remove the “multi-level text augmentation”
module while keeping the other modules. 2) Ours(b). We
remove the “attribute-based text reasoning” module while
keeping the other modules. 3) Ours(c). We remove the
“video-guided self-weighted cross-modal bridging” module
while keeping the other modules. Besides, we use our full
model as the baseline: Ours(full). All four modules con-
tribute a lot to the final performances on all three datasets,
demonstrating their effectiveness in the VSG task.
Training process of different ablation models. Following
(Lin et al. 2020), we analyze the training process and re-
trieval performance of different ablation models in Figure 4.
We can obtain the following representative observations: (i)
During training, Our(full) outperforms other ablation mod-

NExT-QA STAR
Method Tem↑ Cau↑ Des↑ Method Int↑ Seq↑ Pre↑ Fea↑

Back-translation 62.8 62.7 68.9 Contrastive loss 61.4 62.7 54.9 52.6
Paraphrasing 65.3 63.4 72.5 Ours(w/o S1) 64.8 68.4 56.6 55.0

LLaMA-7B(*) 66.8 65.4 74.8 Ours(w/o S2) 65.1 67.2 57.9 54.6
Ours 69.2 70.1 78.4 Ours(full) 66.2 71.6 58.7 55.3

Table 6: Ablation study on different augmentation meth-
ods on NExT-QA and Lweighted in Eq. (2) on STAR for
VideoQA, where BLIP2 is the base model with # Frames=4.
“LLaMA-7B(*)” means that we directly use LLaMA-7B for
text augmentation.

els, which further demonstrates the effectiveness of each
module. (ii) Our(full) converges faster than ablation mod-
els, showing that our full model is more efficient. For in-
stance, Our(full) converges within 70 epochs, while Our(c)
converges after 80 epochs. Thus, our full model can process
these challenging datasets more efficiently.
Effect of different augmentation methods. In Table 6, we
further compare our augmentation method in Section with
other methods (Back-translation, Paraphrasing and LLaMA-
7B). Obviously, our method achieves the best performance.
It is because LLaMA-7B generates some hallucination in-
formation during augmentation. Back-translation and para-
phrasing only treat each word with the same significance,
which means that some unimportant words have a large
weight. We can evaluate the significance score of each word
to better understand the text. Also, we generate attributes to
reason the fine-grained semantics in the given sentence and
utilize attribute sampling to purify these semantics-rich at-
tributes for better text understanding.
Influence of Lweighted in Eq. (2). To evaluate the effective-
ness of our video-guided self-weighted cross-modal bridg-
ing loss, we conduct ablation study in Table 6. Obviously,
directly using the contrastive loss will lead to unsatisfactory
since it only construct positives and negatives from a level,
we construct positives and negatives from different levels
(word-level and structure-level). Comparing Ours(full) with
Ours(w/o S1) and Ours(w/o S2), we can achieve significant
performance improvement since our model can fully under-
stand the text inputs based on S1 and S2.

Conclusion

In this paper, we rethink the LLM task from the user-friendly
language input perspective. We observe that many VLMs
cannot fully understand the language texts. Given some texts
with similar semantics and a video, these VLMs output
various results. To this end, we design a novel plug-and-
play framework to improve the generation ability of pre-
vious methods on various text templates. Extensive exper-
iments show that our framework can serve as the plug-and-
play module for state-of-the-art VLM works to improve their
performance on various video-language tasks. In our future
work, we will extend our model into image-language model
or video-audio model to achieve broader applicability.
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