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Abstract

Video summarization aims to create short, accurate, and cohe-
sive summaries of longer videos. Despite the existence of vari-
ous video summarization datasets, a notable limitation is their
limited amount of source videos, which hampers the effective
training of advanced large vision-language models (VLMs).
Additionally, most existing datasets are created for video-to-
video summarization, overlooking the contemporary need for
multimodal video content summarization. Recent efforts have
been made to expand from unimodal to multimodal video sum-
marization, categorizing the task into three sub-tasks based on
the summary’s modality: video-to-video (V2V), video-to-text
(V2T), and a combination of video and text summarization
(V2VT). However, the textual summaries in previous multi-
modal datasets are inadequate. To address these issues, we
introduce Instruct-V2Xum, a cross-modal video summariza-
tion dataset featuring 30,000 diverse videos sourced from
YouTube, with lengths ranging from 40 to 940 seconds and an
average summarization ratio of 16.39%. Each video summary
in Instruct-V2Xum is paired with a textual summary that ref-
erences specific frame indexes, facilitating the generation of
aligned video and textual summaries. In addition, we propose
a new video summarization framework named V2Xum-LLM.
V2Xum-LLM, specifically V2Xum-LLaMA in this study, is
the first framework that unifies different video summarization
tasks into one large language model’s (LLM) text decoder and
achieves task-controllable video summarization with temporal
prompts and task instructions. Experiments show that V2Xum-
LLaMA outperforms strong baseline models on multiple video
summarization tasks. Furthermore, we propose an enhanced
evaluation metric for V2V and V2VT summarization tasks.

Introduction
The interest in sharing life experiences has surged in recent
years, making video the most informative and diverse visual
medium on social media platforms. This trend has led to
significant demands for a variety of video and language un-
derstanding tasks, such as video captioning, video question
answering (Yu et al. 2019; Xiao et al. 2021), moment retrieval
(Lei et al. 2021), and video summarization (Gygli et al. 2014;
Song et al. 2015). Video summarization (V2V) provides an
efficient way for humans to obtain key information from a
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Figure 1: Illustration of cross-modal video summarization.

long video. This process entails selecting the most significant
information from a video and condensing it into a shorter
form, while maintaining the essence of the original content.
Beyond extensive research in V2V summarization, there are
a few recent explorations of V2T and V2VT summarization.
Most notably, VideoXum (Lin et al. 2023a) seeks to broaden
the modality of video summaries to include text summaries.
It utilizes the dense captions from ActivityNetCap (Krishna
et al. 2017) videos as text summaries and annotates the cor-
responding video segments as summaries. Other datasets
for video summarization include TVSum (Song et al. 2015),
SumMe (Gygli et al. 2014), QFVS (Sharghi et al. 2017),
MED Summaries (Potapov et al. 2014), and so on. While
it is expected that powerful LLMs can help improve video
summarization, the insufficient number of source videos may
not be able to support the robust fine-tuning of LLMs to per-
form this task since finetuning a large model with a limited
number of training examples is prone to overfitting (Hua et al.
2021, 2023). In addition, VideoXum data cannot be consid-
ered true summaries due to redundant information in Activi-
tyNetCap’s dense captions. More recently, Shot2Story20K
(Han et al. 2023) collects 20k video-text data that enables
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the robust finetuning of LLMs, but it only supports video-
to-text summarization. To address these issues, we propose
Instruct-V2Xum, a new large-scale cross-model video sum-
marization dataset that contains 30k open domain videos,
partitioned as 25,000 in the training set, 1,000 in the vali-
dation set, and 4,000 in the test set. In Instruct-V2Xum, we
obtain the source videos from YouTube using the video list
provided by InternVid (Wang et al. 2023). The methodol-
ogy of video summarization parallels that of extractive text
summarization, where the objective is to isolate the pivotal
frames or sentences from the source videos or documents,
respectively. Extractive text summarization is a foundational
task in the NLP field, with numerous LLMs setting the bench-
mark in this domain (Zhang et al. 2023a; Jia et al. 2020; He
et al. 2023). Inspired by this, we first extract frames from the
source videos and employ LLaVA-1.5-7B (Liu et al. 2023)
to generate detailed captions for each frame. Then we take
all the frame captions as a document to perform extractive
document summarization using GPT-4 (Achiam et al. 2023).
This approach enables us to obtain both video summaries and
their corresponding textual summaries. Finally, the extracted
text summaries are further refined by GPT-4.

Numerous visual instruction tuning-based methods have
been proposed for video-language understanding. These mod-
els can process the long videos for general video-language
understanding and reasoning tasks such as video question
answering, video captioning, and so on. Recently, there have
been some attempts for fine-grained video moments under-
standing or video-language temporal grounding (Lin et al.
2023b) using large VLMs. However, these approaches, which
typically process video frames as sequential images for a
frozen visual encoder and train an LLM decoder for identify-
ing video moment boundaries, are not well-suited for dense
temporal prediction in video summarization tasks, particu-
larly in the V2VT tasks. Furthermore, most existing models
require large-scale data to train new parameters added to
pre-trained VLMs (Lin et al. 2023b; Maaz et al. 2023; He
et al. 2023). This requirement significantly limits their practi-
cality in scenarios where only a limited number of training
examples are available. To address these problems, we de-
sign a new temporal prompt instruction tuning framework
– V2Xum-LLaMA. In V2Xum-LLaMA, we unify different
modalities of video summary generation into one LLM de-
coder. This framework stands out by removing the depen-
dence on task-specific layers that were required for video
summarization in earlier VLM-based approaches. The main
advantages of this method are that it enables the effective
adaptation of the learned knowledge and the powerful ca-
pabilities of the pretrained language models to dense video
temporal and content understanding. All the pretrained pa-
rameters of the VLMs are reused, and the model takes inter-
leaved video frames and natural language temporal prompts
as input to facilitate end-to-end model training. As video
temporal prediction is performed by using language mod-
els, there is a challenge for calculating the correlation for
V2V evaluation, since the language model-predicted video
summaries are the discrete frame indexes. To overcome this
challenge, we propose a solution to calculate the scores for
language model-predicted video summaries. Furthermore, we

also provide an analysis of the existing video summarization
tasks and propose FCLIP and Cross−FCLIP , the enhanced
evaluation metrics for V2V and V2VT summarization tasks.

In summary, our main contributions are as follows:
• We propose V2Xum-LLaMA, a novel cross-modal video

summarization framework that unifies different tasks into
a single pre-trained language decoder, eliminating the
need for task-specific heads used in prior methods. By
taking interleaved video frames and temporal prompts
as input, our method enables end-to-end processing of
long video sequences and outperforms all strong baseline
models on mainstream V2V, V2T, and V2VT benchmarks.

• To address the lack of video-language data for fine-tuning
large VLMs in video summarization tasks, we created
Instruct-V2Xum, a new instruction-following dataset for
cross-modal video summarization. It contains 30k diverse
YouTube videos, ranging from 40 to 940 seconds, en-
abling VLMs to generate modality-controllable video
summaries with task prompts. The experiments validate
the rationality of our proposed dataset.

• We present a comprehensive analysis of the limitations
in current video summarization tasks from the perspec-
tives of data, methods, and evaluation. Based on this, we
propose FCLIP and Cross− FCLIP , an enhanced eval-
uation metric for V2V and V2VT summarization tasks.
Experimental results show that these metrics are highly
consistent with the traditional evaluation metrics includ-
ing F1, Spearman correlation, and Kendall correlation.

Related Work
Video Summarization
Traditional video summarization, also known as video-to-
video summarization, typically generates a condensed ver-
sion of the original video, comprising selected frames (Liu
et al. 2020; Ghauri et al. 2021), shots (Ji et al. 2019; Feng
et al. 2018; Zhang et al. 2018), or segments (Tang et al. 2022;
Koutras et al. 2019). These models are commonly trained
using supervised learning approaches, with reinforcement
learning methods like policy gradient (Williams 1992), op-
timizing for diversity and representativeness in the summa-
rized output (Zhou et al. 2018a), gaining popularity. The
standard datasets for video summarization tasks include
SumMe (Gygli et al. 2014) and TVSum (Song et al. 2015),
which are widely used for benchmarking purposes. In recent
years, cross-modal video summarization (Fu et al. 2020; Li
et al. 2022; Huang et al. 2021) has emerged as an area of
interest, incorporating additional modalities such as audio,
speech, subtitles, and captions. These approaches leverage
multimodal models to create more comprehensive summaries.
Video-to-text summarization (Palaskar et al. 2019; Choi et al.
2018) is an evolving field that aims to generate descriptive
paragraphs in natural language that encapsulate video con-
tent. VideoXum (Lin et al. 2023a) advances this field by
repurposing the ActivityNetCap (Krishna et al. 2017) dataset
and employing the BLIP-2 (Li et al. 2023) model for both
V2V and V2T summarization. However, the data in (Lin et al.
2023a) may not be genuine summaries, as the dense captions
from ActivityNetCap often include significant redundancy.
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Dataset Domain # Videos Anno. V2V V2T V2VT Instruction

MSVD (Chen et al. 2011) Open 1,970 M × ✓ × ×
YouCook (Das et al. 2013) Cooking 88 M × ✓ × ×
UCF101 (Soomro et al. 2012) Open 13,320 M × ✓ × ×
ActivityNetCap (Krishna et al. 2017) Activities 20,000 M × ✓ × ×
Shot2Story20k (Han et al. 2023) Open 20,000 M+S × ✓ × ✓

SumMe (Gygli et al. 2014) Events, holidays, sports 25 M ✓ × × ×
TVSum (Song et al. 2015) News, documentaries, vlogs 50 M ✓ × × ×
VSUMM (De Avila et al. 2011) Cartoons, news, commercials 50 M ✓ × × ×
EDUVSUM (Ghauri et al. 2020) Letures 98 M ✓ × × ×
LoL (Fu et al. 2019) Matches of League of Legends 218 M ✓ × × ×
Ads-1K (Tang et al. 2022) Commercials 1,041 M+S ✓ × × ×
VideoXum (Lin et al. 2023a) Activities 14,001 M ✓ ✓ ✓ ×

Instruct-V2Xum Open 30,000 M+S ✓ ✓ ✓ ✓

Table 1: Comparison with existing video-to-video summarization and video-to-text summarization datasets. “V2V”, “V2T”,
and “V2VT” indicate support for video-to-video, video-to-text, or both tasks. “Instruction” denotes whether the dataset supports
video-text instruction tuning. M and S stand for manual and model synthesized, respectively.

Large Language Models
In recent years, Large Language Models (LLMs) have
witnessed rapid advancements (Achiam et al. 2023; Tou-
vron et al. 2023b,a). With pretraining on extensive corpora
from the Internet, LLMs acquire substantial knowledge, en-
abling powerful zero-shot and in-context learning capabili-
ties (Achiam et al. 2023; Wei et al. 2022; Hu et al. 2022b).
Efforts have been increasingly directed toward leveraging
LLMs for multimodal tasks (Lyu et al. 2023; Shu et al. 2023;
Yu et al. 2024; Hua et al. 2024a). Techniques such as vision-
language alignment and adapter fine-tuning are employed to
integrate LLMs into the multimodal domain. These methods
align the visual features extracted by visual encoders with
the input token space of LLMs (Liu et al. 2023). Typically,
the parameters of LLMs are frozen to retain their existing
capabilities although LoRA (Hu et al. 2022a) fine-tuning is
sometimes applied in low-resource settings. Based on this,
several studies (Maaz et al. 2023; Zhang et al. 2023b) have
successfully employed LLMs for video understanding tasks,
referred to as Vid-LLMs (Tang et al. 2023). However, current
research primarily concentrates on general video understand-
ing tasks, such as video question-answering (QA) and video
captioning, with less emphasis on temporal information. Re-
cent works (Ren et al. 2023; Tang et al. 2024) explore LLMs’
potential in temporal grounding and localization, emphasiz-
ing their untapped capability in temporal understanding.

The Instruct-V2Xum Dataset
Data Curation
Frame Captioning and Extractive Summarization. The
source videos are sampled from InternVid (Wang et al. 2023).
We filter the raw videos according to their duration and
aesthetic scores. The filtered data is then used to generate
both video and text summaries. We extract video frames at
a rate of 1 FPS and then convert these frames into detailed
textual descriptions using LLaVA-1.5-7B. After obtaining

the textualized video frames, we utilize GPT-4V to perform
extractive document summarization. Finally, the extracted
summaries are converted into coherent video and text
summaries.

Text Summarization Refinement. To further reduce the
redundancy of the text summaries, we utilize BERT score
(Zhang et al. 2019) to filter out the frame text representations
that are similar to other summary frames. Here, we set the
threshold to 0.93. The filtered video frame captions’ indexes
serve as the video summaries for the source videos. Then,
we employ GPT-4 to further compress and rewrite the video
summaries to be shorter and more grammar-fluent.

Human Verification. To enhance the quality of the col-
lected data, we employed human annotators to filter the GPT-
4-generated data, resulting in a final set of 30k data points.
We also show examples of human-filtered data in the our
technical appendices (Hua et al. 2024b).

Quantity Analysis and Quality Analysis
We provide statistical results and a comprehensive quantita-
tive analysis in our technical appendices (Hua et al. 2024b).
Additionally, we analyze text summaries for grammar flu-
ency and commonsense plausibility, with a detailed quality
analysis also included in the appendices (Hua et al. 2024b).

V2Xum-LLaMA
This section introduces our unified cross-modal video sum-
marization framework, V2Xum-LLaMA, which employs in-
terleaved video frames along with temporal and task prompts
as input and converts videos to multimodal summaries, as
shown in Figure 2.

Interleaved Video and Temporal Prompt Encoding
The temporal prompt mechanism binds visual tokens to their
corresponding frame-level timestamps, injecting positional
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Figure 2: The architecture of the proposed V2Xum-LLaMA.

information for each frame. To this end, we first encode each
video frame fi using pretrained CLIP (Radford et al. 2021)
encoder Ev . The frames’ encoding vi = Ev(fi) are involved
in the visual tokens sequence V = {v1, v2, ..., vL}, where L
is the number of sampled frames.

We then bind temporal prompts with each visual token.
The temporal prompts are tokenized zero-padded numbers in
natural language format like “[f00]”, “[f06]”, “[f12]”, “[f99]”,
etc., indicated by T = {t1, t2, ..., tL}. They are inserted into
the visual token sequence V to form a new sequence with
interleaved visual tokens and temporal prompts:

S = {t1, v1, t2, v2, ..., tL, vL} (1)
Compared to the original visual token sequence, the temporal
prompted sequence can better capture the relations between
the timestamps and the visual semantics. Then the sequence
S is projected into the word embedding space by the vision
adapter, which is represented as S.

Temporal-Aware Decoding
We use LLaMA-2 (Touvron et al. 2023a) as the decoder to
generate V2V summarization Av , V2T summarization At, or
V2VT summarization Ab. The Iv, It, and Ib represent the
task instructions for V2V, V2T, and V2VT summarization.
With the instruction I and temporal prompted sequence S,
the output is given by the temporal-aware decoding:

Ax = LLM(S, Ix), x ∈ {v, t, b} (2)
The V2V summarization Av is defined as a sequence of tem-
poral tokens sequence, i.e., Av = {vi}Mi=1, which is a subset

of temporal prompts sequence T and M ≤ L. The V2T sum-
marization is a summarized caption in a natural language
format. In our implementation shown as Figure 2, the V2T
summarization also contains frame referring temporal tokens:

At = {..., wi−1, tj , wi+1, wi+2...} (3)
where the temporal token tj is bind with the words or sen-
tences that consist of the summarization of visual content
and can be further extracted from At to get the V2V sum-
marization Av. This is called temporal-aware decoding. An
example is shown in Fig. 2. When decoding, the temporal
tokens can be decoded together with the text summaries and
represent the temporal position where the described visual
content occurred in the input video.

Task-Controllable Video Summarization Training
As mentioned before, the types of summarization can be
controlled by the task instructions Ix. Specifically, we use
task prompts like “Please generate a BOTH/VIDEO/TEXT
summarization for this video.” to instruct models to generate
the corresponding video summaries. We then train the model
end-to-end using negative log-likelihood loss:

L = −
∑
D

N∑
i=1

log p(Ax
i | S,Ax

≤i−1). (4)

where D denotes the training samples in the dataset, and N is
the length of the generated video and text summaries. During
training, all the parameters of the vision encoder and update
the vision adapter, and the language decoder are freezed.
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Method Cross-
Modal

LLM-
Based

TSH-
Free

V2T V2V V2VT
B-4 M R-L C F1 S K FCLIP Cross-FCLIP

DENSE (Krishna et al. 2017) × × ✓ 1.6 8.9 - - - - - - -
DVC-D-A (Li et al. 2018) × × ✓ 1.7 9.3 - - - - - - -
Bi-LSTM+TempoAttn × × ✓ 2.1 10.0 - - - - - - -
Masked Transformer × × ✓ 2.8 11.1 - - - - - - -
Support-Set (Patrick et al. 2020) × × ✓ 1.5 6.9 17.8 3.2 - - - - -
Frozen-BLIP (Li et al. 2023) ✓ ✓ × 0.0 0.4 1.4 0.0 16.1 0.011 0.008 - -
Vid2Seq-HCY (Yang et al. 2023) ✓ ✓ ✓ 2.3 8.2 19.0 7.6 24.2 - - 0.888 0.214
Vid2Seq-HC (Yang et al. 2023) ✓ ✓ ✓ 2.7 8.5 19.8 8.4 24.5 - - 0.892 0.217
Vid2Seq-HCV (Yang et al. 2023) ✓ ✓ ✓ 2.7 8.4 19.8 8.3 25.1 - - 0.899 0.200
VSUM-BLIP (Lin et al. 2023a) × ✓ × - - - - 21.7 0.207 0.131 - -
TSUM-BLIP (Lin et al. 2023a) × ✓ × 5.6 11.8 24.9 20.9 - - - - -
VTSUM-BLIP (Lin et al. 2023a) ✓ ✓ × 5.8 12.2 25.1 23.1 23.5 0.258 0.196 0.894 0.247

V2Xum-LLaMA-7B (ours) ✓ ✓ ✓ 5.8 12.3 26.3 26.9 29.0 0.298 0.204 0.931 0.253
V2Xum-LLaMA-13B (ours) ✓ ✓ ✓ 5.7 12.3 26.2 25.3 31.6 0.276 0.200 0.957 0.251

Human ✓ - - 5.2 14.7 25.7 24.2 33.8 0.305 0.336 0.944 0.256

Table 2: Comparison Results on the VideoXum dataset. “TSH-Free” indicates the model is task-specific-head-free; “B-4” denotes
BLEU-4; “M” denotes METEOR; “R-L” refers to ROUGE-L metric; “C” represents CIDEr. For all metrics, higher scores
indicate better performance. “S” and “K” are Spearman and Kendall correlation metrics, respectively.

Experiments
Baseline Models
We evaluate our V2Xum-LLaMA model, both 7B and 13B
versions, against various models on V2V, V2T, and V2VT
summarization tasks using the VideoXum dataset. Base-
line models include LLM-based approaches such as Frozen-
BLIP (Li et al. 2023), VSUM-BLIP (Lin et al. 2023a), TSUM-
BLIP (Lin et al. 2023a), and VTSUM-BLIP (Lin et al. 2023a).
We compare with task-specific-head-free (TSH-Free) mod-
els like DENSE (Krishna et al. 2017), DVC-D-A (Li et al.
2018), Bi-LSTM+TempoAttn (Zhou et al. 2018b), Masked
Transformer (Zhou et al. 2018b), and Support-Set (Patrick
et al. 2020), which do not rely on regression-based timestamp
prediction with extra task-specific heads. Additionally, on
the classical TVSum (Song et al. 2015) and SumMe (Gygli
et al. 2014) datasets, we compare our 7B version V2Xum-
LLaMA with the following V2V summarization methods:
dppLSTM (Zhang et al. 2016), DSN (Zhou et al. 2018a),
Sumgraph (Park et al. 2020), CLIP-it (Narasimhan et al.
2021), TL;DW (Narasimhan et al. 2022), iPTNet (Jiang et al.
2022), A2Summ (He et al. 2023), Standard ranker (Saquil
et al. 2021), and VSUM-BLIP (Lin et al. 2023a). We also
evaluated Vid2Seq (Yang et al. 2023), initially pre-trained on
the HowTo100M (Miech et al. 2019), VidChapter-7M (Yang
et al. 2024), YouCook2 (Zhou et al. 2018c), and ViTT (Huang
et al. 2020), and fine-tuned on VideoXum for fair comparison.

Evaluation Metrics
We introduce new CLIP-based evaluation metrics for V2V
and V2VT summarization evaluation. While the F1 score
is a common metric for V2V summarization tasks, the pro-
cess of video summarization annotation is highly subjective,
leading to considerable variance among human annotators

(Otani et al. 2019). The traditional F1 score, which compares
predicted video frames directly with the ground truth, fails
to account for semantically similar frames that are close in
time but not exactly matching, thus potentially undervalu-
ing accurate summaries. To mitigate this, we introduce the
FCLIP metric for V2V summarization evaluations, which
is designed to recognize and reward semantic similarities
between predicted and ground truth frames even when they
are not identical. And we also propose the Cross− FCLIP

metric for the V2VT summarization tasks. Unlike the VT-
CLIPScore metric used in VideoXum—which calculates the
average cross-modal CLIP score as an indicator of semantic
alignment between predicted video and text summaries—our
Cross − FCLIP calculates the average FCLIP scores be-
tween the predicted video summaries and the ground truth
text summaries, as well as between the predicted text sum-
maries and the ground truth video summaries. This approach
aims to provide a more nuanced evaluation of summarization
tasks by acknowledging the importance of semantic content
alignment across modalities. For a reference video summary
v and predicted video summary v̂, the recall, precision, and
F1 scores are:

RCLIP (v, v̂) =
1

|v|
∑
vi∈v

max
v̂j∈v̂

v⊤
i v̂j (5)

PCLIP (v, v̂) =
1

|v̂|
∑
v̂j∈v̂

max
vi∈v

v⊤
i v̂j (6)

FCLIP (v, v̂) = 2
PCLIP ·RCLIP

PCLIP +RCLIP
(7)

For the Cross − FCLIP , given a reference video and text
summary v and t and the predicted video summary v̂ and text
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Method V2T V2V V2TV
B-4 M R-L C F1 FCLIP Cross-FCLIP

Vid2Seq-HC (Yang et al. 2023) 3.8 6.1 22.6 0.4 23.0 80.5 16.1
Vid2Seq-HCY (Yang et al. 2023) 3.7 6.2 22.4 0.5 24.7 81.3 16.0
Vid2Seq-HCV (Yang et al. 2023) 3.6 6.2 22.5 0.4 25.1 81.5 16.3

V2Xum-LLaMA-7B 6.8 15.8 26.9 0.9 31.7 95.5 23.1
V2Xum-LLaMA-13B 6.7 15.8 27.0 0.8 31.3 95.3 23.0

Table 3: Comparison results on the Instruct-V2Xum test set.

summary t̂:

Cross− FCLIP (v, v̂, t, t̂) =
FCLIP (v, t̂) + FCLIP (v̂, t)

2
(8)

Given that the cosine similarity values range from -1 to 1,
we adjust the similarity scores by applying the operation
max(cos(v, v̂), 0). This ensures that only non-negative simi-
larity scores are considered in our analysis.

Implementation Details
We use CLIP ViT-L/14@336 as the vision encoder and
Vicuna-v1.5-7B/13B as the text decoder. Other implemen-
tation details are included in our technical appendices (Hua
et al. 2024b).

Quantitative Results
For cross-modal video summarization, adopt the VideoXum
dataset (Lin et al. 2023a) and our proposed V2Xum dataset.
For V2V summarization, we used the TVSum (Song et al.
2015) and SumMe (Gygli et al. 2014) benchmarks.

Method TVSum SumMe
S K S K

dppLSTM (Zhang et al. 2016) .055 .042 - -
DSN (Zhou et al. 2018a) .020 .026 - -
Sumgraph (Park et al. 2020) .138 .094 - -
CLIP-it (Narasimhan et al. 2021) .147 .108 .120 .109
TL;DW (Narasimhan et al. 2022) .167 .143 .128 .111
iPTNet (Jiang et al. 2022) .174 .148 .131 .114
A2Summ (He et al. 2023) .178 .150 .143 .121
VSUM-BLIP (Lin et al. 2023a) .261 .200 .365 .268
V2Xum-LLaMA .293 .222 .378 .296

Table 4: Comparison results on the TVSum and SumMe
datasets.

Cross-Modal Video Summarization. We use the
VideoXum dataset to evaluate our model’s capability to
cross-model video summarization. The experimental results
are shown in Table 2. It can be summarized that our proposed
method outperforms all the baseline models. Specifically,
in V2V summarization, V2Xum-LLaMA achieves a 8.1%
higher F1-Score than VTSUM-BLIP, alongside significant

improvements in both Spearman and Kendall correlation
metrics. In addition, V2Xum-LLaMA-13B achieves higher
evaluation scores on the V2V summarization task than
V2Xum-LLaMA-7B. On the contrary, V2Xum-LLaMA-7B
performs better on V2T summarization. We attribute this
result to the increased complexity of the V2T summariza-
tion compared to V2V summarization. Additionally, the
VideoXum training set comprises only 8,000 examples, a
quantity insufficient for effectively training models with
large language decoders.

We also evaluate various models on our newly proposed
Instruct-V2Xum dataset, as detailed in Table 3. The results in-
dicate that the models are well-adapted to the dataset, exhibit-
ing sound performance. Moreover, V2Xum-LLaMA-13B out-
performs V2Xum-LLaMA-7B in V2T summarization, which
we believe is due to the larger language models benefiting
from the increased volume of training data.

Video-to-Video Summarization. We evaluate V2Xum-
LLaMA on VideoXum, TVSum, SumMe, and Instruct-
V2Xum datasets. The results are shown in Table 2 and Table
4. It can be concluded that the unified video summariza-
tion using the language decoders in V2Xum-LLaMA can
effectively perform traditional V2V summarization tasks.
V2Xum-LLaMA outperforms all the previous methods that
relied on task-specific regression heads for generating video
summaries. This result indicates that LLMs with temporal
prompts are capable of performing fine-grained video tem-
poral understanding. The results presented in Table 3 affirm
the validity of our proposed V2Xum dataset. It demonstrates
that the model can properly fit the data.

Ablation Study
To better evaluate the effectiveness of our proposed V2Xum-
LLaMA framework and to underscore the importance of aug-
menting the training dataset, we conduct an ablation study on
V2V and V2VT summarization tasks, detailed in Table 5. A
comprehensive ablation analysis is included in our technical
appendices (Hua et al. 2024b).

Limitations of Current Video Summarization:
Data, Methods, and Evaluation

In this section, we discuss the limitations of existing vision
summarization tasks from the perspective of data, method,
and evaluation. As mentioned before, current existing video
summarization datasets, including V2V and V2VT video
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Method V2T V2V V2VT
BLEU-4 METEOR ROUGE-L CIDEr F1-Score Spearman Kendall FCLIP Cross-FCLIP

V2Xum-LLaMA 5.8 12.3 26.3 26.9 29.0 0.298 0.204 0.931 0.253
w/o simultaneous VT-Sum 5.6 12.2 25.6 25.9 25.1 0.249 0.203 0.926 0.251
w/o Instruct-V2Xum 4.9 12.0 24.3 21.6 23.1 0.260 0.191 0.921 0.252
w/o fully fine-tuning 4.5 11.7 24.7 22.8 23.4 0.222 0.175 0.915 0.250
w/o temporal prompts 4.4 11.7 24.4 21.2 23.9 0.258 0.192 0.910 0.249
w/o pretrained adapter 3.1 11.1 21.9 9.5 3.7 - - - -

Table 5: Ablation Study of our V2Xum-LLaMA (7B) on the VideoXum dataset.

summarization datasets, contain few training examples and
cannot support training large-scale deep neural networks. The
TVSum dataset comprises merely 50 YouTube videos; the
SumMe dataset includes only 25 personal videos sourced
from YouTube, while the QFVS dataset provides 135 video-
query training samples. Additionally, VideoXum, the first
cross-modal video summarization dataset, provides only 8k
training examples. Our experimental results reveal that it is in-
sufficient for training 13B models for the V2T summarization
task. This issue is one of the significant drawbacks of current
existing datasets. To address this problem, we collect more
videos from YouTube and generate the corresponding cross-
modal summaries for the videos using GPT-4 and propose a
large-scale cross-modal video summarization dataset.

A conventional approach to V2V summarization involves
training a regression head to assign an importance score to
each frame, ranking frames based on these scores, and select-
ing the top K% frames to evaluate performance using metrics
like the F1 score or Kendall/Spearman correlation against
the ground truth. However, as demand for cross-modal video
summarization grows, this method is inadequate for multi-
modal video summarization. Recent studies have begun to
explore the use of language models for generating temporal
and spatial references in videos (Li et al. 2024; Ren et al.
2023), demonstrating the viability of using language models
to generate the video interval indexes. In addition, leveraging
large language models’ text decoders for both V2V and V2T
summarization tasks is a logical step. Therefore, in this study,
we investigate how to prompt large VLMs to understand the
fine-grained video content along with temporal information,
how to maximally leverage the powerful capability of content
understanding and reasoning of large language models, and
how to achieve task controllability via natural language in-
structions. To that end, we first propose the temporal prompt
mechanism, and then design the visual encoder that takes the
interleaved video frames, temporal, and language as input.
Instead of using the regression head to perform V2V summa-
rization, we unify different video summarization tasks into
one language decoder.

Evaluating video summaries poses a significant challenge,
primarily because the criteria for quality are inherently sub-
jective, vary across different viewers and even fluctuate over
time. This subjectivity, coupled with the limited availability
of evaluation videos and annotations, further exacerbates the
ambiguity in assessing video summary quality (Otani et al.
2019). The traditional F1 score, designed to directly com-

pare predicted video frames with ground truth, ignores the
nuances of semantically similar frames that, while temporally
proximate, do not exactly match. This oversight can lead to
the undervaluation of otherwise accurate summaries. To ad-
dress this, we design new CLIP-based F scores for evaluating
V2V and V2VT summarization tasks. Unlike the traditional
F1 score, which relies on exact matches for its precision and
recall calculations, FCLIP evaluates the V2V summarization
from the perspective of semantic similarity. This approach
allows for a more comprehensive yet meaningful evaluation
that recognizes the importance of semantic accuracy over
mere frame-by-frame accuracy. To evaluate the alignment of
the generated video and text summaries, VideoXum employs
an approach that calculates the average CLIP score across
video frames and text summaries. This method involves com-
puting vectors for all frames and sentences, applying mean
pooling to these vectors to represent the video and text sum-
maries, and then calculating the cosine similarity between
them. However, this approach evaluates the video and text
summaries as unified entities and thus neglects the detailed
alignment at the sentence level with specific video frames.
In contrast, our proposed Cross − FCLIP adopts a greedy
matching strategy to optimize the similarity score between in-
dividual video frames and corresponding sentences, ensuring
a more granular and accurate alignment.

Conclusion
In this study, we address the deficiencies in current video
summarization datasets including the insufficient number of
training examples and the insufficient evaluation of video
summarization by building a new large-scale cross-model
video summarization dataset Instruct-V2Xum and design-
ing the improved video summarization evaluation metrics.
We also propose V2Xum-LLM, a novel temporal prompt
instruction tuning method that unifies the generation of var-
ious video summary modalities within the text decoder of
VLMs, eliminating the need for task-specific heads. This ap-
proach supports interleaved long video and language input
sequences and allows modality-controllable summary gen-
eration through language instructions. Experimental results
demonstrate the effectiveness of our method.
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