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Abstract

With the growing demand for solutions to real-world video
challenges, interest in dense video captioning (DVC) has
been on the rise. DVC involves the automatic captioning
and localization of untrimmed videos. Several studies high-
light the challenges of DVC and introduce improved methods
utilizing prior knowledge, such as pre-training and external
memory. In this research, we propose a model that leverages
the prior knowledge of human-oriented hierarchical compact
memory inspired by human memory hierarchy and cognition.
To mimic human-like memory recall, we construct a hierar-
chical memory and a hierarchical memory reading module.
We build an efficient hierarchical compact memory by em-
ploying clustering of memory events and summarization us-
ing large language models. Comparative experiments demon-
strate that this hierarchical memory recall process improves
the performance of DVC by achieving state-of-the-art perfor-
mance on YouCook2 and ViTT datasets.

1 Introduction
Dense video captioning (DVC) is a task that involves tem-
porally localizing event boundaries in untrimmed videos
and describing each event in natural language. Compared
to video captioning(Lin et al. 2022; Luo et al. 2020; Seo
et al. 2022; Gao et al. 2017; Pei et al. 2019; Qi et al.
2019; Wang et al. 2018; Chen et al. 2017; Pan et al. 2016;
Rohrbach et al. 2013; Venugopalan et al. 2014, 2015; Tu
et al. 2021, 2022, 2023), which generates a single caption
for a video clip, DVC presents considerable challenges. This
task requires not only generating captions but also automat-
ically localizing multiple important event segments within
untrimmed videos. In other words, DVC should accurately
identify event boundaries and describe each event segment
in natural language, making it a far more complex process.

Recent advancements in vision and language learning
have demonstrated remarkable outcomes in cross-modal
correlation tasks (Radford et al. 2021; Saharia et al. 2022;
Li et al. 2022). Nevertheless, linking natural language with
video remains challenging, largely due to the complexities
involved in capturing spatiotemporal information (Hayes
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Figure 1: Conceptual figure of the proposed hierarchical
compact memory construction. Our method leverages rel-
evant clues from hierarchical compact memory with cross-
modal retrieval, effectively mimicking human memory pro-
cesses for improved event localization and description.

et al. 2022). Video and language learning demands intri-
cate model architectures, tailored training protocols, and sig-
nificant computational resources (Cheng et al. 2023). DVC
involves the additional challenge of associating untrimmed
videos with natural language to both localize and describe
events (Krishna et al. 2017; Wang et al. 2021; Yang et al.
2023b). To address these challenges, several studies have
been explored to leverage prior knowledge through a pre-
training and fine-tuning approach (Yang et al. 2023b; Wu
et al. 2024). In addition, a study has been proposed (Kim
et al. 2024) that enhances DVC by utilizing information
stored in memory as an additional source of prior knowl-
edge. This study is inspired by the observation that hu-
mans store and recall information hierarchically. Humans
have the ability to identify significant events and describe
them by retrieving relevant memories based on cues they
have encountered. In cognitive information processing, this
phenomenon is called cued recall (Allan and Rugg 1997;
Rugg et al. 1998). Notably, when recalling, humans tend to
first perceive abstract semantic information, then associate
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it with related categories in memory, and ultimately retrieve
specific episodes connected to the recognized information,
forming a memory hierarchy (Tulving et al. 1972). By re-
calling memories and drawing on prior knowledge, humans
can describe a given situation based on a rich pool of expe-
riences.

Building on this insight, we introduce a novel DVC
model, HiCM2 (Hierarchical Compact Memory Modeling
for DVC). Our model effectively recalls relevant episodes
and abstract concepts from a hierarchical and compact ex-
ternal memory, enhancing the quality of captions, as in Fig-
ure 1. To mimic the human recalling process, we design an
external memory based on knowledge information extracted
from the training data. This knowledge information is orga-
nized into a hierarchical memory through iterative clustering
using a bottom-up approach. During this process, knowl-
edge information at each level is summarized using large
language models (LLMs), transforming it into consolidated
memory knowledge. This approach combines hierarchical
memory and efficient compact memory construction, resem-
bling human memory organization.

Subsequently, the proposed model extracts potential event
candidates from untrimmed videos and retrieves relevant
information from the external memory to provide diverse
and semantically rich data. Unlike the bottom-up memory
construction, information retrieval follows a top-down ap-
proach, starting from high-level abstract information and
moving towards lower-level details. We first select relevant
information from the higher levels and then iteratively re-
fine the search by focusing on related memories from the
lower levels, thus facilitating an efficient hierarchical mem-
ory read.

Our main contributions can be summarized as:

• Inspired by the human cognitive process, we introduce
a novel DVC method that utilizes cross-modal retrieval
from the hierarchical compact memory bank. This ap-
proach combines hierarchical organization with com-
pact representations, enabling effective recall of relevant
episodes and abstract concepts while minimizing redun-
dancy. To the best of our knowledge, this is the first study
to design hierarchical memory structures for DVC.

• To efficiently extract and utilize hierarchical informa-
tion, we propose a novel hierarchical memory retrieval
method. Our approach leverages a top-down retrieval
strategy, starting from high-level abstract information
and progressively accessing detailed lower-level data.
This method ensures that meaningful and relevant infor-
mation is effectively retrieved from different levels of the
hierarchical memory.

• To demonstrate the effectiveness of our hierarchical
memory retrieval method, we have conducted compre-
hensive experiments on YouCook2 and ViTT datasets.
Our model achieves state-of-the-art on two DVC
datasets. Experimental results show that our method
could significantly improve the performance by exploit-
ing relevant information from hierarchical memory.

2 Related Work
2.1 Dense Video Captioning
DVC tasks comprise localizing events within untrimmed
videos and generating descriptive captions for each local-
ized event (Krishna et al. 2017). Traditionally, a two-stage
approach has been employed, where events in the video are
first localized, and then captions are generated for each event
(Iashin and Rahtu 2020a,b). This ”localize-then-describe”
strategy addresses the two sub-tasks independently. How-
ever, this two-stage approach has a limitation in that it fails
to consider the interaction between the event localization
and event captioning tasks, as they are performed inde-
pendently. To address this issue, recent research has intro-
duced end-to-end approaches that enable joint learning by
considering the interaction between the two tasks. PDVC
(Wang et al. 2021) defines DVC as a set prediction task that
predicts event intervals and captions simultaneously, using
the DETR (Carion et al. 2020) architecture to jointly per-
form event localization and captioning in parallel. Vid2Seq
(Yang et al. 2023b), on the other hand, defines DVC as a
sequence-to-sequence problem, adopting an end-to-end ap-
proach that outputs a single sequence containing both times-
tamps and captions. This research also incorporates speech-
to-text technology, using transcribed audio information as
input to leverage multimodal data. (Zhou et al. 2024) pro-
poses a visual memory and streaming decoding approach.
DIBS (Wu et al. 2024) introduces a new pretraining frame-
work. CM2 (Kim et al. 2024) applies retrieval-augmented
generation (RAG), inspired by how humans process visual
information, retrieving relevant information from an exter-
nal memory pre-constructed with visual data to provide ad-
ditional context to the model. However, when constructing
the external memory, all captions from the target benchmark
dataset are included, leading to the potential inclusion of
redundant and noisy information. To address this, our re-
search aims to construct an external memory that filters out
redundant or irrelevant information by utilizing clustering
and LLMs.

2.2 Retrieval-Augmented Generation
Recently, RAG has gained significant popularity for its ef-
fective application in LLMs, where it references external
knowledge to address issues such as hallucinations (Lewis
et al. 2020). RAG is particularly effective at reducing the
generation of factually incorrect content, making it a valu-
able approach in various visual captioning tasks (Gao et al.
2023). This approach involves retrieving relevant informa-
tion from an external memory bank based on visual data
and providing it to the model (Ramos et al. 2023; Kim et al.
2024). However, the performance of RAG depends on how
constructed the memory and it has not been explored to ef-
ficiently construct memory banks for effective DVC. In this
study, we designed a system to effectively retrieve seman-
tic information, positively impacting model performance. To
achieve this, we employed a clustering and compact repre-
sentation method to reduce redundant information, in con-
trast to existing approaches that utilize all caption data in
an external memory bank. Additionally, in contrast to tra-
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Figure 2: Overview of HiCM2. We show the overall architecture. HiCM2 approaches the DVC task in a memory retrieval-
augmented generation manner using hierarchical compact memory. We conduct video-to-text cross-modal retrieval at each
hierarchical level using input video features obtained through a pre-trained spatial encoder. The visual features are temporally
encoded through a temporal encoder. The time information of speech is converted into time tokens for time tokenization, and
the speech text is tokenized for speech encoding. Each encoded feature vector is concatenated and fed into the cross-attention
layer of the text decoder. Finally, we obtain a sequence consisting of the start time, end time, and caption.

ditional single-layer memory structures that read informa-
tion based on similarity, we utilized a hierarchical clustering
method to construct a hierarchical memory structure. This
allows for the retrieval of information in a stepwise manner,
starting from abstract to more detailed information.

3 Method
The goal of this study is to enhance event localization and
caption generation in untrimmed videos by leveraging prior
knowledge. We introduce HiCM2, a novel framework that
utilizes cross-modal retrieval from a hierarchical compact
memory. To achieve this, we construct the memory using
a hierarchical organization combined with compact repre-
sentations, enabling the effective recall of relevant episodes
and abstract concepts while minimizing redundancy (Sec-
tion 3.1). Additionally, we propose a method for effective
hierarchical memory retrieval. By employing a top-down ap-
proach, we begin with high-level abstract information and
gradually access finer details from lower levels. This ensures
the effective extraction of meaningful information from the
hierarchical memory, improving both event localization and
caption generation in DVC (Section 3.2).

Figure 2 shows the overall architecture of our method. For
the given input video, the model generates segment and cap-
tion pairs {(TS

n , TE
n , Sn)}Nn=1 where N denotes the number

of events detected by our method and TS
n and TE

n denote the
start and the end timestamp of n-th event. Sn denotes the
generated captions for n-th event segment. Details of dense
event prediction will be introduced in Section 3.3.

3.1 Hierarchical Compact Memory Modeling
In this section, we describe the method for constructing
a hierarchical memory and generating compact representa-
tions. To recall relevant episodes and abstract concepts, we

build a hierarchical memory using iterative clustering in a
bottom-up approach. To minimize redundancy while creat-
ing a memory-efficient compact structure, we generate com-
pact representations through LLM-based summarization.

To ensure the memory bank stores high-quality seman-
tic information, we use captions from the training dataset.
For segment-level video-to-text retrieval, we utilize the pre-
trained CLIP ViT-L/14 model (Dosovitskiy et al. 2020; Rad-
ford et al. 2021), which effectively aligns images and text
within a shared embedding space.

Building Hierarchical Memory. To construct a hierar-
chical memory structure, we leverage the hierarchical clus-
tering method FINCH (Sarfraz, Sharma, and Stiefelhagen
2019), which performs iterative clustering using a bottom-up
approach. FINCH forms clusters based on the observation
that the first neighbor of each data point is sufficient to dis-
cover a connected chain among data points. Furthermore, as
a hierarchical clustering method, FINCH generates a mean-
ingful clustering tree that interprets data at different levels of
granularity, making it an appropriate approach for construct-
ing hierarchical memory. Note that the number of memory
levels is automatically determined based on the FINCH clus-
tering results for each dataset.

As illustrated in Figure 3 (a), we first encode the caption
sources using the CLIP text encoder. Then, we perform iter-
ative clustering on the encoded sentences until only abstract
clusters that can no longer be grouped remain, resulting in
a hierarchical clustering structure. Since each level’s clus-
ters are formed by the connections between clusters from
the lower level, we obtain clustering indices for each level.
These indices are then used to construct the memory com-
ponents at each hierarchical level. With this, we construct
hierarchical memory that contains high-level abstract infor-
mation and finer details from lower levels.
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Figure 3: The construction and read process of hierarchical compact memory. As illustrated in (a), hierarchical memory is
constructed using iterative clustering in a bottom-up approach to recall relevant episodes and abstract concepts, with LLM-based
summarization generating compact, memory-efficient representations. As illustrated in (b), We retrieve a segmented visual cue
from each temporal anchor, beginning at the high-level, abstract layer, and then recursively exploring lower layers for additional
relevant information. K features are retrieved per level, and this process is repeated for all temporal anchors.

Compact Representation with LLM. To minimize re-
dundancy and effectively recall information from memory,
we store compact representations generated by summariza-
tion using an LLM. For this purpose, we adopt the pre-
trained Llama3 70B model (Dubey et al. 2024). We use the
LLM to store representative information derived from clus-
ters. We provide the LLM with instructions for summariz-
ing clustered sentences from each hierarchical level. This
process results in the creation of a summarized sentence-
level feature for each cluster, effectively removing outliers
and capturing core semantic information within the cluster.
Additionally, through summarization, we reduce approxi-
mately 10K memory components to around 2K, construct-
ing a memory-efficient compact structure.

As in Figure 3 (a), we first summarize the sentences of
clusters from the caption source using clustered indices for
the lower level. From this, we obtain one summarized sen-
tence per cluster. Consequently, at each memory level, an
encoded memory component is created for each cluster,
thereby obtaining compact representations. Then, the sum-
marized sentences from this level serve as input for the next
level’s summarization, where they are further summarized
according to the next level’s cluster indices. We repeat this
process across all levels of the memory, constructing a com-
pact memory structure that facilitates efficient recall.

3.2 Retrieval from Hierarchical Memory
The hierarchical compact memory is structured with a high
level containing abstract information and lower levels that
provide more detailed information. Consequently, to effec-
tively utilize this well-composed hierarchical compact mem-
ory, it is important to systematically search through the lev-
els, moving from abstract to detailed, to retrieve and utilize
information in an appropriate manner. For this, we propose
a retrieval method that begins by searching for information
related to the visual cue within the most abstract, high-level

layer of the hierarchical memory bank and then recursively
explores lower layers for additional relevant information.

As illustrated in Figure 3 (b), we divide the input video
into W temporal anchors to extract semantic information
related to events, as untrimmed videos may contain mul-
tiple events. We use CLIP ViT-L/14 for frame-level visual
feature extraction and compress these features by averaging
within each anchor, resulting in segment-level visual fea-
tures. These features then serve as queries to retrieve rele-
vant information from the external memory for each anchor.
We then calculate the similarity between the segment-level
visual cues and the memory features in the high-level layer,
selecting the most similar features. Subsequently, the cor-
responding clusters containing these selected features are
tracked down to the lower layers, where we calculate the
similarity between the visual cue and the more detailed clus-
ters that result from the merging process. This recursive pro-
cess continues across the lower layers to obtain increasingly
specific information. For the relevant features obtained, we
perform feature aggregation through two rounds of average
pooling. First, we conduct average pooling on the most sim-
ilar features selected at each level to create a single repre-
sentative feature. Then, we take one feature from each level
and perform average pooling again to integrate the informa-
tion from all levels. This entire process is repeated for each
of the W temporal anchors. Finally, we obtain the retrieved
text features r = {ra}Wa=1.

3.3 Dense Event Prediction
Architecture. This section describes a framework of
structure that integrates visual features with retrieved text
features to enhance event localization and captioning.

As illustrated in Figure 2, the visual encoder processes
a sequence of F frames. The spatial encoder outputs em-
beddings for each frame, which are then fed into a temporal
encoder composed of transformer blocks to account for tem-
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poral interactions between frames. This process yields the
final temporal visual features x̃ = {x̃i}Fi=1 as the output of
the visual encoder. We use CLIP ViT-L/14 as the backbone
to extract spatial embeddings from the input frames, keeping
it in a frozen state for ease of use.

For memory retrieval, the spatial embeddings extracted
by the visual encoder are used to generate segment-level
temporal anchors. The embeddings for each frame are di-
vided into W temporal anchors, which serve as queries to
the hierarchical memory bank. Each anchor retrieves rel-
evant hierarchical information from the memory based on
similarity. Then, we get r = {ra}Wa=1. We also use speech
information. For the text of speech transcript, the encoder’s
token embedder independently embeds each token, produc-
ing semantic embeddings. For the given time information of
speech, we begin with a text tokenizer that has a vocabu-
lary size of v, to which we add b time tokens, thus expand-
ing the tokenizer to encompass v + b tokens. These time
tokens denote relative timestamps within a video, which we
achieve by dividing a video into b evenly spaced timestamps.
Specifically, we employ the SentencePiece tokenizer (Kudo
and Richardson 2018), which features a vocabulary size of
v = 32, 128 and includes b = 100 time tokens. Subse-
quently, the transformer-based text encoder calculates the in-
teractions between the tokens of the speech transcripts, out-
putting text features y = {yj}sj=1. The text decoder uses
the retrieved memory features, temporal visual features, and
text features that compose the encoder embeddings to au-
toregressively generate a target event sequence consisting of
segment and caption pairs.

Training and Inference. During training, we train
HiCM2 by minimizing the following loss function:

Lθ(x, y, r, z) = − 1∑L−1
c=1 wc

L−1∑
c=1

wc log pθ(zc+1 | x, y, r, z1:c),

(1)
where L represents the length of the target sequence in the
decoder, wc indicates the weight assigned to the c-th token
in the sequence, uniformly set to wc = 1 ∀c in practice,
θ symbolizes the trainable parameters within the model, and
pθ is the probability distribution generated by the model over
the vocabulary of text and time tokens. Our approach, based
on the sequence-to-sequence structure of the Vid2Seq model
(Yang et al. 2023b), fine-tunes a model pre-trained on ap-
proximately 1.8 million videos (Yang et al. 2023a). During
inference, given visual features x, given text features y, and
retrieved text input r, our model predicts a target event se-
quence z. For both training and inference, we conducted re-
trieval using the same hierarchical compact memory bank.

4 Experiments
To evaluate the effectiveness of our method, we conducted
comparative experiments. Section 4.1 describes the experi-
mental setup used in this study. Section 4.2 highlights the
role of memory retrieval in DVC. Section 4.3 presents a
comparison with state-of-the-art methods. Section 4.4 pro-
vides ablation studies to validate the contribution of each
component in our model. We also provide qualitative results.

Memory Construction Hierarachy CIDEr METEOR SODA c F1

No Memory ✗ 66.29 12.41 9.87 31.08
All Training Captions ✗ 67.90 12.49 10.38 32.31

Clustering ✓ 67.15 12.97 10.17 32.30
Clustering+LLM(Ours) ✓ 71.84 12.80 10.73 32.51

Table 1: Effect of hierarchical compact memory retrieval on
YouCook2.

4.1 Experimental Settings
Dataset. We utilized two DVC benchmark datasets,
YouCook2 (Zhou, Xu, and Corso 2018) and ViTT (Huang
et al. 2020), for both training and evaluation. The YouCook2
dataset includes 2,000 untrimmed videos depicting cooking
procedures, with an average duration of 320 seconds per
video and 7.7 temporally localized sentences per annotation.
We employed the standard dataset split for training, valida-
tion, and testing purposes. The ViTT dataset includes 8,000
untrimmed instructional videos, each with an average length
of 250 seconds and annotated with 7.1 temporally localized
short tags. It is worth noting that we utilized approximately
10%∼20% fewer videos than the original dataset, as we only
included those accessible on YouTube (Yang et al. 2023b).

Evaluation Metrics. We evaluated our method on two
sub-tasks in DVC. By using the official evaluation
tool (Wang, Zheng, and Yu 2020), we measured the qual-
ity of the generated captions with the CIDEr (Vedantam,
Lawrence Zitnick, and Parikh 2015), BLEU4 (Papineni et al.
2002), and METEOR (Banerjee and Lavie 2005) metrics,
which compare the generated captions to the ground truth
across IoU thresholds of 0.3, 0.5, 0.7, 0.9. Additionally, to
assess storytelling ability, we used the SODA c metric (Fu-
jita et al. 2020). For event localization, we calculated the av-
erage precision, average recall, and F1 score (the harmonic
mean of precision and recall), averaging these metrics over
IoU thresholds of 0.3, 0.5, 0.7, 0.9.

Implementation Details. For both datasets, video frames
were extracted at a rate of 1 frame per second. The sequences
were then either subsampled or padded to ensure a total of
F frames, where F was set to 100. Both the text encoder
and decoder are initialized using a pretrained T5-Base model
(Raffel et al. 2020).

The hierarchical memory is organized into 4 levels for
YouCook2 and 5 layers for ViTT. For YouCook2, we use
10,337 sentences to construct compact memory across lev-
els, with {1758, 313, 68, 8} memory units allocated per
level. For ViTT, we utilize 34,599 sentences, distributing
compact memory across levels as follows: {4487, 741, 114,
12, 3} memory units per level. For YouCook2, the number
of anchors is set to 10 and the number of retrieved features
is set to 10 for each anchor level. For ViTT, the number of
anchors is set to 30 and the number of retrieved features is
set to 30 for each anchor level.

4.2 Effect of Hierarchical Memory Retrieval
To evaluate the effectiveness of memory retrieval with hier-
archical compact memory, we conducted comparative exper-

4297



Method PT YouCook2(val) ViTT(test)
CIDEr METEOR SODA c BLEU4 CIDEr METEOR SODA c BLEU4

PDVC ✗ 29.69 5.56 4.92 1.40 - - - -
CM2 ✗ 31.66 6.08 5.34 1.63 - - - -

Streaming V2S ✓ 32.90 7.10 6.00 - 25.2 5.80 10.00 -
DIBS ✓ 44.44 7.51 6.39 - - - - -
Vid2Seq† ✓ 66.29 12.41 9.87 5.64 48.84 9.51 14.99 0.71
HiCM2(Ours) ✓ 71.84 12.80 10.73 6.11 51.29 9.66 15.07 0.86

Table 2: Performance of event captioning. Bold means the highest score. PT denotes pretraining from the additional video
datasets. † denotes results reproduced from official implementation in our environment. All methods use CLIP backbone.

iments on YouCook2. As in Table 1, we compare four differ-
ent memory retrieval methods. “No Memory” refers to the
test results of an encoder-decoder structure without memory
retrieval. “All Training Captions” involves storing all mem-
ory captions as features in a flat memory structure with-
out any hierarchical organization. “Clustering” utilizes the
FINCH algorithm (Sarfraz, Sharma, and Stiefelhagen 2019)
to create a hierarchical structure, using averaged features of
clustered sentences as memory elements. In this method, a
bottom-up approach is applied, where layers above the low-
est level are formed by averaging features from the previous
level, based on clustering result indices. “Clustering + LLM”
involves generating representative captions for each cluster
through summarization with LLM, which are then used as
memory elements. This approach, implemented in a bottom-
up fashion, represents the hierarchical compact memory.

As shown in Table 1, the results demonstrate that stor-
ing and retrieving all training captions in memory leads to
a performance improvement compared to using no memory
at all. Further enhancements are observed when employing
hierarchical clustering to create a structured memory, with
additional performance gains achieved by generating pro-
totypes through LLM-based summarization. This suggests
that while average pooling after hierarchical clustering pro-
vides some benefit, the use of LLMs for summarization is
more effective in creating semantic prototypes, resulting in
more substantial performance improvements.

4.3 Comparison with State-of-the-art-Methods
In Table 2, we compare our method with state-of-the-art
approaches (Wu et al. 2024; Zhou et al. 2024; Yang et al.
2023b) on both the YouCook2 and ViTT datasets. As shown
in Table 2, the methods are categorized based on their
use of pretraining, with performance measured across sev-
eral key metrics, including CIDEr, METEOR, SODAc, and
BLEU4. The results indicate that methods employing pre-
training generally outperform those that do not, highlighting
the importance of pretraining in improving caption quality.
Our method achieves the best scores across the four metrics
among the models that use pre-trained knowledge. By us-
ing prior knowledge from external hierarchical memory, our
method improves the quality of caption generation across all
metrics on both datasets. This performance advantage under-
scores the effectiveness of our approach in generating accu-
rate and contextually appropriate captions.

Method PT YouCook2(val) ViTT(test)
F1 Recall Precision F1 Recall Precision

PDVC ✗ 26.81 22.89 32.37 - - -
CM2 ✗ 28.43 24.76 33.38 - - -

Streaming V2S ✓ 24.10 - - 35.40 - -
DIBS ✓ 31.43 26.24 39.81 - - -
Vid2Seq† ✓ 31.08 30.38 31.81 46.21 45.89 46.53
HiCM2(Ours) ✓ 32.51 32.51 32.51 45.98 45.00 47.00

Table 3: Performance of event localization. Bold means
the highest score. † denotes results reproduced from official
implementation in our environment.

High Middle Low CIDEr METEOR SODA c F1

66.29 12.41 9.87 31.08
✓ 67.75 12.33 10.35 32.27

✓ 67.59 12.45 10.37 32.23
✓ 67.21 12.21 10.28 31.98

✓ ✓ 68.61 12.35 10.51 32.07
✓ ✓ 69.81 12.63 10.54 33.00
✓ ✓ 68.05 12.33 10.41 32.87
✓ ✓ ✓ 71.84 12.80 10.73 32.51

Table 4: The ablation study for the use of hierarchical
levels memory. Among the four hierarchical levels gener-
ated from the YouCook2 training data, the high level corre-
sponds to level 4, the middle level includes levels 2 and 3,
and the low level corresponds to level 1.

In Table 3, we compare the performance of various meth-
ods on the event localization task across the YouCook2 and
ViTT datasets. The methods are evaluated based on whether
they utilize pretraining, with key metrics including F1, Re-
call, and Precision. Our method, HiCM2, demonstrates com-
parable performance across both datasets. HiCM2 effec-
tively leverages hierarchical compact memory, resulting in
more accurate event localization. The results highlight the
advantages of our approach in capturing complex tempo-
ral patterns within untrimmed videos. These findings under-
score the robustness and effectiveness of HiCM2 in enhanc-
ing event localization tasks. The results from both caption-
ing and localization performance indicate that pre-trained
prior knowledge and retrieval-augmented prior knowledge
complement each other, creating a synergistic effect.
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Input
Frames

Hierarchically
Retrieved
Sentences

Bacon and pancetta are
cooked in various ways.

Fry the bacon in a pan. Add tomato puree to the pan and stir.
Ours

GT
Heat butter in a pan and cook bacon in it. Add tomato puree to the pan.

Add the pasta to the sauce and mix.

Add boiled pasta cheese to the pan.

High

Middle

Low

Tomatoes are cooked
in various methods.

Ingredients are 
 prepared, combined.

Cook bacon in a pan with
optional ingredients until.

Fry bacon in a pan, 
optionally with oil, to cook it. 

Tomatoes, with other ingre
-dients, are added to a pan.

Add tomato puree
to the pot or pan and stir.

Cook and prepare noodles,
combine with ingredients.
Combine cooked pasta with 

sauce, garnish with ingredients.

Figure 4: Example of predictions on the YouCook2 Validation set using our approach. The hierarchical retrieved sentences
shown are examples of retrieval results with the highest semantic similarity at each hierarchical level, corresponding to specific
segments of the input frames. Each retrieved sentence is converted into features and utilized in our model’s predictions for the
segments. Matching colors indicate the association between retrieved knowledge and prediction.

4.4 Discussion
Effect of Each Level in Hierarchy. Table 4 presents an
ablation study evaluating the impact of utilizing hierarchical
memory at different levels on performance. The high level is
the level that contains the most abstract concepts. The mid-
dle level contains more detailed actions and situations, pro-
viding a balance between abstract concepts and specific de-
tails. The low level focuses on concrete details and events
accurately describing specific actions, objects, and events
within the scenes. The results clearly demonstrate the impor-
tance of incorporating memory across all hierarchical levels,
as the best performance is achieved when all three levels
(high, middle, and low) are utilized together.

We show the effectiveness of a comprehensive hierarchi-
cal memory approach, where each level contributes uniquely
to improving the overall performance.

Qualitative Result. Figure 4 shows an example of pre-
dictions by our approach, demonstrating effective use of
memory retrieval that references meaningful and helpful
sentences from memory across different levels, achieved
through segment-level video-text retrieval for the given
video. As shown in the figure, sentences formed at a high
level typically include words that encompass a variety of
methods or ingredients. At the middle level, while still ab-
stract about various ingredients, there is a more detailed de-
scription of actions and contexts. At the low level, sentences
precisely describe the specific subjects and actions appear-
ing in the scene. As a result, our method generates relatively
accurate event boundaries and captions with abstract con-
cepts and detailed descriptions.

Effect of Number of Retrieved Features for Each Level.
We also explored the effect of the number of retrieved fea-
tures per anchor as shown in Table 5. Setting this number
to 1 means that only the most similar text from the mem-
ory, relative to the visual feature of the temporal anchor, is
considered. Increasing this number generally provides the
model with more stable and robust semantic information.

#K CIDEr METEOR SODA c F1

1 67.47 12.39 10.53 32.27
5 68.15 12.58 10.33 32.51
10 71.84 12.80 10.73 32.51
20 67.97 12.22 10.40 31.56

Table 5: Effect of the number of selected features in
YouCook2. #K denotes the number of retrieved text features
per anchor from the memory bank at each level.

When the number of retrieved features per anchor reaches
10, our approach consistently delivers strong performance
across both sub-tasks in the YouCook2 dataset. Note that
the number of retrieved features has been uniformly applied
across all levels. However, retrieving too many features can
introduce noise, as they are selected based on descending
similarity, potentially lowering the overall performance.

5 Conclusion
In this study, we introduce a novel DVC model that leverages
hierarchical compact memory with cross-modal retrieval, ef-
fectively mimicking human memory processes for improved
event localization and description. By organizing memory
from abstract to detailed information and employing a top-
down retrieval process, the model ensures precise and co-
herent information retrieval. Through comprehensive exper-
iments on the YouCook2 and ViTT datasets, we demon-
strate the effectiveness of our hierarchical memory retrieval
approach. Notably, HiCM2 achieved state-of-the-art perfor-
mance on both datasets. Our work highlights the potential of
memory-augmented models to enhance DVC. Additionally,
our findings suggest that the synergy between pre-trained
prior knowledge and retrieval-augmented knowledge in our
approach could complement existing pretraining efforts in
vision-and-language tasks, potentially offering a promising
avenue for further improvement in the field.
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