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ABSTRACT
In e-commerce, products andmicro-videos serve as two primary car-
riers. Introducing cross-domain retrieval between these carriers can
establish associations, thereby leading to the advancement of spe-
cific scenarios, such as retrieving products based on micro-videos
or recommending relevant videos based on products. However, ex-
isting datasets only focus on retrieval within the product domain
while neglecting themicro-video domain and often ignore themulti-
modal characteristics of the product domain. Additionally, these
datasets strictly limit their data scale through content alignment and
use a content-based data organization format that hinders the inclu-
sion of user retrieval intentions. To address these limitations, we pro-
pose the PKU Real20M dataset, a large-scale e-commerce dataset
designed for cross-domain retrieval. We adopt a query-driven ap-
proach to efficiently gather over 20 million e-commerce products
and micro-videos, including multimodal information. Addition-
ally, we design a three-level entity prompt learning framework to
align inter-modality information from coarse to fine. Moreover,
we introduce the Query-driven Cross-Domain retrieval framework
(QCD), which leverages user queries to facilitate efficient alignment
between the product and micro-video domains. Extensive experi-
ments on two downstream tasks validate the effectiveness of our
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1 INTRODUCTION
E-commerce platforms heavily rely on retrieval and recommenda-
tion algorithms to match users with products they are interested
in [11, 27]. In e-commerce scenarios, products and micro-videos
serve as the main carriers. However, there is a lack of association
between these two domains, which hinders the development of spe-
cific scenarios, such as retrieving products based on micro-videos
or recommending relevant videos based on products. Cross-domain
retrieval between e-commerce products and micro-videos has the
potential to enhance retrieval and recommendation efficiency by
establishing associations and overcoming data isolation. The syner-
gistic interaction between them can not only provide more compre-
hensive information for users, leading to a more personalized and
satisfying online shopping experience but also bring new challenges
and opportunities to the academic community.
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Figure 1: Existing e-commerce benchmarks and our proposed
cross-domain benchmark.

In this paper, we investigate existing e-commerce retrieval bench-
marks with corresponding datasets and categorize them based on
the included modalities of the product domain, as illustrated in
Figure 1. As shown in Figure 1 (a), the first category is image re-
trieval, and the typical dataset for this task is DeepFashion [19],
which only contains a single visual modality. The second category
in Figure 1 (b) is text-based image retrieval, and FashionGen [26]
is a representative dataset for this task. However, in real-world
e-commerce scenarios, products are often multimodal [4, 15], with
not only visual modalities such as product images, but also natu-
rally paired textual modalities such as product names, titles, and
descriptions. Combining information from both modalities can lead
to more accurate and comprehensive retrieval results compared to
using only one modality [21, 30, 35]. In Figure 1 (c), FashionIQ [32]
proposed a task of retrieving new products based on a single prod-
uct image and user feedback. However, the products in this gallery
only contain visual modalities and lack associated textual informa-
tion. Additionally, the dataset is limited to only three categories. In
Figure 1 (d), Product1M [34] is a representative dataset that includes
cosmetic product images with paired textual descriptions and pro-
poses an instance-level multimodal product retrieval task. However,
this dataset only contains cosmetic products and cannot represent a
wider range of e-commerce product categories. And all of them are
single-domain product retrieval, which neglects another important
information carrier in real-world scenarios, namely the micro-video
domain. Furthermore, the conventional data organization method
based solely on content lacks the capability to comprehend user
intentions, and necessitates manual association of each product,
thereby being time-consuming and not readily scalable.

To bridge this gap and advance related research, we have col-
lected a large dataset called PKU Real20M, which is more repre-
sentative of cross-domain retrieval requirements in real-world e-
commerce. To address the aforementioned challenges, we collect

and filter over 20 million diverse products and micro-videos with
corresponding multimodal information. Each sample includes ei-
ther an image or a micro-video with its corresponding textual de-
scription. To ensure the correlation between the two domains and
enable cross-domain retrieval, we construct a large amount of as-
sociated data in an efficient manner. Specifically, we collect a list
of user queries and associated them with the products or micro-
videos that the users click on based on their queries. When the
click-through rate exceeds a predetermined threshold, we consider
the query, products, and micro-video to be related. By construct-
ing the dataset in this way, we efficiently couple the product and
micro-video domains through the query and ultimately obtain a
large-scale multi-modal e-commerce retrieval dataset with over 20
million samples, which is more effective than traditional content-
based data organization methods that lack an understanding of user
intentions and require manual association between each product.

In addition to constructing the large-scale dataset described
above, we design a pre-training framework for the e-commerce
scenes. Besides the three common pre-training tasks: Masked Lan-
guage Model, Masked Frame Model, and Video-Text Matching, we
also introduce a prompt learning task based on three-level entity
words, achieving alignment from coarse to fine granularity between
the visual modality and the textual modality according to the se-
mantic granularity of the three-level entity words. Furthermore, we
propose a Query-driven Cross-Domain retrieval framework(QCD).
Our framework uses a model with parameter sharing to extract
visual and textual features in the product and micro-video domains
and combines them through a fusion module to obtain fused fea-
tures. By aligning the query features with the fused features, visual
features, and textual features separately, we achieve domain align-
ment between the product and micro-video domains. To prevent the
fused features from being overly influenced by textual semantics,
we propose a reconstruction loss based on text and image recon-
struction. Our framework’s effectiveness is validated by performing
retrieval between the product and micro-video domains.

The main contributions are summarized as follows:
• We propose a cross-domain retrieval benchmark and a corre-
sponding large-scale e-commerce dataset, which possesses
several distinctive features: (1) cross-domain andmultimodal,
(2) query-driven, and (3) massive and diverse.

• We introduce a pre-training framework tailored to the e-
commerce scene, which aligns visual and textual semantics
from coarse to fine-grained levels using a three-level entity
prompt learning task.

• We present a query-driven framework for aligning the prod-
uct and micro-video domains, and demonstrate notable im-
provements by applying this framework to existing methods.

2 RELATEDWORK
2.1 E-commerce Datasets
In recent years, a large number of datasets have been proposed for
retrieval. Among which, the DeepFashion [3], DeepFashion2 [8],
Fashion-Gen [26], Fashion200k [12], M5Product [5], FashionIQ [32]
and Product1M [34] are commonly used multi-modal datasets. The
DeepFashion [3] and DeepFashion2 [8] datasets have proposed re-
trieval tasks between user-taken images and product images. The
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Figure 2: Visualization of the characteristics of our proposed benchmark dataset PKU Real20M.

Table 1: Comparison with other E-commerce datasets. V, T, and I respectively represent the video, text, and image modalities,
and the arrow represents the retrieval direction.

Dataset Samples Product category Retrieval type Include video? Cross domain
retrieval ? Query-driven?

M5Product [5] 6,313,064 Clothing, toys, etc - Yes No No
DeepFashion [19] 54,642 Clothing I→I No No No
DeepFashion2 [8] 873234 Clothing I→I No No No
Fashion-Gen [26] 293,008 Clothing T→I No No No
FashionIQ [32] 77,684 Clothing (I+T)→I No No No
Fashion200k [12] 209,544 Clothing (I+T)→I No No No
Product1M [34] 1,182,083 Cosmetics (I+T)↔ (I+T) No No No

PKU Real20M(Ours) 27,090,133
Clothing, cosmetics,
furniture, electronics,
delicatessen, toys, etc.

(I+T)⇄(V+T) Yes Yes Yes

Weakly [3] and Fashion200k [12] contain 20,200 and 209,544 sam-
ples respectively and provide a basic retrieval task between text and
images. The M5Product dataset [5] is a large-scale dataset in the
e-commerce field, containing retrieval between 5 modalities. The
FashionIQ [32] contains 77,684 samples and proposes a benchmark
setting for retrieving target images based on image and text feed-
back. The Product1M [34] contains 1,182,083 cosmetic samples and
performs cosmetic retrieval based on cosmetic images and related
text information.

2.2 Multi-modal Pretraining for E-commerce
Several visual-linguistic pre-training models have been proposed
for multi-modal learning of vision and language [13, 17, 28, 29].
In e-commerce, specific pre-training methods have also emerged.
Kaleido-BERT [36] uses multi-granular and diverse image patch fea-
tures for the visual modality and designs various pre-training tasks

for these features. MEEK [23] employs five pre-training tasks to
align visual and textual modalities, which includeMasked Language
Model (MLM), Masked Frame Model (MFM), Video-Text Matching
(VTM), Category Classification, and Language Generation.

3 PKU REAL20M DATASET
3.1 Data Collections and Statistics
The data is collected from a popular e-commerce platform, based
on user click feedback. When a user enters a query term, they
are presented with two types of data: products and micro-videos.
Users then interact with the relevant products or micro-videos by
clicking and viewing them. By accumulating a large amount of
user click data, we select products and micro-videos that exceed a
certain threshold as content related to the query term. Therefore,
we can easily collect a massive amount of <query, products> or
<query, micro-video> data pairs. We remove duplicate queries and
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Figure 3: Overall architecture of our proposed pre-training framework.

set a threshold for the number of containing samples to ensure
query effectiveness. We collect a total of 1,000,000 user queries and
built a high-quality dataset containing multimodal information,
consisting of 27,090,133 samples and 1714 categories. The product
domain contains 10,693,179 samples, while the micro-video domain
contains 16,396,954 samples.

3.2 Benchmark Dataset Characteristics
Our proposed dataset PKU Real20M exhibits the following charac-
teristics that closely resemble real e-commerce scenarios, which
are visualized in Figure 2.

1. Cross-domain andmultimodal. Unlike existing e-commerce
datasets that often only contain image modalities, our dataset in-
cludes not only image or video modalities but also text modality
information that is paired with them. And there is cross-domain
alignment between products and micro-videos.

2. Query-driven. Our dataset is aligned in a query-driven man-
ner, which is beneficial for building massive data. Additionally,
incorporating user queries helps capture the intent behind micro-
videos with complex scenes accurately.

3. Massive and diverse. Our dataset contains over 20 million
samples, including various types of products and micro-videos.
Our dataset contains 16,369,954 micro-videos with corresponding
video titles and descriptions. The dataset is organized around 1714
major categories, covering a diverse range of product types and
rich e-commerce scenarios. We visualize the number of samples
included in the top categories of the two domains, the number of
samples included in the query, and the number of samples under
each category, as shown in Figure 2.

3.3 Comparison with Current Datasets
We compare our PKU Real20M dataset with commonly used ex-
isting datasets in e-commerce, as shown in Table 1. PKU Real20M
differs from them mainly in the following four aspects: 1) Mul-
timodal characteristics: DeepFashion [19], FashionIQ [32] etc.
ignore the multimodal attributes of the product domain in the re-
trieval task, while PKU Real20M is multimodal in both the product
domain and the micro-video domain. 2) Retrieval task setting:

existing datasets ignore the important retrieval scenario between
the product domain and the micro-video domain. Although the
M5Product [5] dataset contains multiple modalities, they all belong
to different forms of the product domain. At the same time, the
way M5Product retrieves according to categories has significant
differences from the actual retrieval scenario. The Product1M [34]
dataset is limited to the retrieval within the cosmetics product
domain. In contrast, PKU Real20M fills the gap in this field. 3)
Data organization: existing datasets are content-based, while our
query-driven data organization approach can efficiently construct
massive data and incorporate user intent information in the align-
ment relationship. 4) Data scale and diversity: PKU Real20M
contains a total of 27,090,133 samples, which is four times that of
the M5Product dataset used for pre-training tasks and 20 times that
of the Product1M dataset. Unlike existing retrieval datasets that are
often limited to clothing and cosmetics categories, PKU Real20M
also includes various real-world categories such as furniture, elec-
tronics, and more.

4 METHODOLOGY
4.1 Benchmark Description
The cross-domain benchmark involves two types of retrieval tasks:
product retrieval based on micro-videos and micro-video retrieval
based on products. The retrieval system under consideration in-
volves the use of product and micro-video samples. The samples
consist of a visual modality, represented by a product image or
video, and a corresponding text modality, which can include a title
or description, denoted as (𝑉 ,𝑇 ). The retrieval gallery is a collec-
tion of such samples, denoted as𝐺 = 𝐺𝑖 | 𝐺𝑖 = (𝑉 𝑖

𝐺
,𝑇 𝑖
𝐺
). The query

sets, denoted as 𝑄 = 𝑄𝑖 | 𝑄𝑖 = (𝑉 𝑖
𝑄
,𝑇 𝑖
𝑄
), are used for both types of

retrieval. The aim of the retrieval system is to rank the samples in
the gallery 𝐺 based on their relevance to the query set 𝑄 .

4.2 Multimodal Pretraining
We first adopt three commonly used pre-training tasks, Video-
Text Contrastive Learning (VTC), Video-Text Matching (VTM), and
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Masked Language Model (MLM), internally in the product/micro-
video domain to further align the visual and textual backbones of
e-commerce data. These three loss functions are denoted as 𝐿𝑣𝑡𝑐 ,
𝐿𝑣𝑡𝑚 and 𝐿𝑚𝑙𝑚 , refer to [13, 13, 28, 29].

Three-level Entity Prompt Learning (EPL). During this process,
we freeze the vision encoder and the text encoder trained by the
previous three pre-training methods and train a fusion encoder that
contains more fine-grained semantic information. Specifically, we
extracted entities of three different semantic granularities from the
e-commerce scene, and prompter maintained lists of these entities
with lengths of𝑀1,𝑀2, and𝑀3 respectively. The first-level entities
have the largest semantic granularity, such as home living, furni-
ture, etc., while the third-level entities have the smallest semantic
granularity, such as air fryer, rice cooker, etc. For each level, the text
prompt is instantiated as follows: "[level] ENTITY", where "level" is
the token identifying the entity level, and "ENTITY" is the specific
word in the entity list. For each text prompt, we can compute the
[CLS] embedding representation for each entity as {𝑒1cls, 𝑒

2
cls, ... , 𝑒

𝑀𝑙

cls
}, 𝑙 ∈ {𝐿1, 𝐿2, 𝐿3}. We extract visual features 𝑣 from random frames
of the videos and use the prompter to generate pseudo-labels 𝑝𝑙 for
the three-level entity words. Specifically, we calculate the softmax-
normalized similarity between 𝑣 and the prompt embeddings of
each level 𝑒𝑙𝑚 , 𝑙 ∈ {𝐿1, 𝐿2, 𝐿3}, as follows:

𝑝𝑙𝑚 =
exp (𝑠 (𝑣, 𝑒𝑙𝑚)/𝜏)∑𝑀𝑙

𝑚=1 exp (𝑠 (𝑣, 𝑒
𝑙
𝑚)/𝜏)

(1)

Finally, we apply mean pooling to the fused feature 𝑢 computed by
the Fusion encoder and obtain 𝑐 through a linear mapping layer.
We then compute the cross-entropy between 𝑐 and 𝑝 as the EPL
loss, which can be expressed as follows:

𝐿𝑒𝑝𝑙 = − (1 −𝑤𝑡 ) ×
𝑀1∑︁

𝑚1=1
𝑝
𝐿1
𝑚1 · log 𝑐

𝐿1
𝑚1 −

𝑀2∑︁
𝑚2=1

𝑝
𝐿2
𝑚2 · log 𝑐

𝐿2
𝑚2

−𝑤𝑡

𝑀3∑︁
𝑚3=1

𝑝
𝐿3
𝑚3 · log 𝑐

𝐿3
𝑚3

(2)

In order to ensure that the fused features conform to coarse-grained
semantic information in the early stage of training and focus more
on fine-grained semantic information in the later stage, we adopt
a progressive weight adjustment strategy: 𝑤𝑡 = 1

1+𝑒−𝛼𝑡 , where 𝑡
represents the number of epochs in training, and 𝛼 is a hyper-
parameter used to control the speed of decline for 𝑤𝑡 . Through
Three-level Entity Prompt Learning, we naturally associate the
fusion features with three-level entity words and pay more atten-
tion to fine-grained semantic information as training progresses.
Compared with the product categories, the three-level entity words
have more generalization characteristics for retrieval from users,
and can better fit the intent-based retrieval framework. During the
pre-training stage, the overall loss function can be represented as
follows:

𝐿𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛 = 𝐿𝑣𝑡𝑐 + 𝐿𝑣𝑡𝑚 + 𝐿𝑚𝑙𝑚 + 𝐿𝑒𝑝𝑙 (3)

4.3 Query-driven Cross-domain Retrieval
Framework

Our proposed framework consists of two branches: a query branch
for guiding alignment and a multi-modal feature extraction branch
for extracting product/micro-video features, as shown in Figure 4.
In the query branch, we first encode the query text to obtain the
query embedding denoted as 𝑞 = {𝑞𝑐𝑙𝑠 , 𝑞1, 𝑞2, ..., 𝑞𝑛}. In the multi-
modal feature extraction branch, we extract both textual and vi-
sual features. Specifically, we use the same textual backbone as in
the query branch to extract textual information contained in the
product, represented as 𝑡 = {𝑡𝑐𝑙𝑠 , 𝑡1, 𝑡2, ..., 𝑡𝑛}. For different visual
inputs, such as images or videos, we use the same visual backbone
to learn visual features and establish the association between the
product domain and micro-video domain during the alignment
with the query. We treat images as a special case of videos that
only contain one frame. Unlike commonly used video datasets, e-
commerce videos are more concerned with the items appearing in
the video rather than coherent actions. Therefore, we introduce a
parameter-efficient approach to model video features, leveraging
the parameters learned in the image backbone as much as possible.
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For a video clip 𝑉 ∈ R𝑇×𝐻×𝑊 ×3, of 𝑇 sampled frames with 𝐻 and
𝑊 denote the spatial resolution, following ViT [6], we utilize the
[cls] token obtained by passing each image through the ViT encoder
as the frame-level representation ℎ, denoted as ℎ = [ℎ1, ℎ2, ..., ℎ𝑇 ].
We propose a Frame-level Temporal Transformer(FTT) for generat-
ing video-level features 𝑣 = {𝑣𝑐𝑙𝑠 , 𝑣1, 𝑣2, ..., 𝑣𝑚}, which are shown
below.

𝑣 = Avg(FTT(ℎ + 𝑒𝑡𝑒𝑚𝑝 )) (4)
where Avg and 𝑒𝑡𝑒𝑚𝑝 denote the average pooling and temporal posi-
tion encoding, respectively. For 𝑒𝑡𝑒𝑚𝑝 , we adopt standard learnable
absolute position embeddings. The FTT is constructed using the
standard multi-head self-attention and feed-forward networks [31].

Furthermore, we design a Fusion encoder to merge the textual
and visual features into a unified feature representation, denoted as
𝑢 = {𝑢𝑐𝑙𝑠 , 𝑢1, 𝑢2, ..., 𝑢𝑖 }. Consistent with existing multimodal fusion
models [16, 18], we use the last 6 layers of the BERTbase model as
the fusion model. The image features 𝑣 are then fused with the text
features 𝑡 through cross-attention at each layer of the fusion model.

Since the fusion feature 𝑢𝑐𝑙𝑠 , visual feature 𝑣𝑐𝑙𝑠 , and text feature
𝑡𝑐𝑙𝑠 of a product should express the same semantic information as
much as possible, we design a three-way alignment contrastive loss
guided by the query feature 𝑞𝑐𝑙𝑠 , which is expressed as:

𝐿𝑞,𝑥 = − log
exp 𝑠 (𝑞𝑐𝑙𝑠 , 𝑥𝑐𝑙𝑠 )/𝜏∑𝑁

𝑖=1 exp 𝑠 (𝑞𝑐𝑙𝑠 , 𝑥𝑐𝑙𝑠,𝑖 )/𝜏
(5)

where 𝑞𝑐𝑙𝑠 and 𝑥𝑐𝑙𝑠 are the input feature vectors for the query
and positive/negative samples, respectively, and 𝑥 ∈ {𝑢, 𝑣, 𝑡}. 𝑁 is
the batch size, and 𝑠 (𝑞𝑐𝑙𝑠 , 𝑥𝑐𝑙𝑠 ) is the similarity between the two
vectors, 𝜏 is a learnable temperature parameter. The total cross-
domain contrastive loss 𝐿𝑐𝑟𝑜𝑠𝑠 based on the query and product
features can be defined as:

𝐿𝑐𝑟𝑜𝑠𝑠 = 𝐿𝑞,𝑢 + 𝐿𝑞,𝑣 + 𝐿𝑞,𝑡 (6)

As the query that guides the retrieval process and the title or de-
scription contained in the product are both in the text modality, to
prevent the search results from being dominated by text and ignor-
ing the visual information, we adopt a generation-based strategy to
enhance the visual information. We enhance the visual information
using a generation-based strategy, as the guiding query and product
text features belong to the same textual modality. This is done to
prevent the search results from being dominated by the text and
ignoring the visual information. We implement the enhancement
strategy through two aspects: text-based reconstruction and vision-
based reconstruction. For the former, we take the query text as
input to the self-attention layer (SA), and use the output of SA as
queries, with 𝑣𝑐𝑙𝑠 as keys and values input to the cross-attention
layer (CA). The reconstructed text feature can be represented as:{

𝑧′
𝑙
= SA(LN(𝑧𝑙−1)) + 𝑧𝑙−1, 𝑙 = 1...𝐿,

𝑧𝑟𝑒,𝑞𝑢𝑒𝑟𝑦 = MLP(LN((CA(𝑧′
𝑙
, 𝑣𝑐𝑙𝑠 ))))

(7)

We employ the text-based reconstruction loss defined as 𝐿𝑟𝑒,𝑞 to
minimize the distance between the generated text 𝑧𝑟𝑒,𝑞𝑢𝑒𝑟𝑦 and
the target text 𝑞. Specifically, we use the cross-entropy loss func-
tion as a metric to measure the distance. Similarly, to enhance the
weight of visual information in the fusion features, based on visual
reconstruction, we use images or video frames as the input of the

SA layer and use the output of the SA layer as the queries of the
CA layer. We use the fusion feature 𝑢𝑐𝑙𝑠 as the keys and values of
the CA layer to obtain the reconstructed visual features 𝑧𝑟𝑒,𝑣𝑖𝑠 . The
loss function for visual reconstruction can be expressed as 𝐿𝑟𝑒,𝑣 .
𝐿𝑟𝑒𝑐𝑜𝑛 is defined as the sum of 𝐿𝑟𝑒,𝑞 and 𝐿𝑟𝑒,𝑣 . The loss function
of the entire cross-domain retrieval framework 𝐿𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑎𝑙 can be
represented as:

𝐿𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑎𝑙 = 𝐿𝑐𝑟𝑜𝑠𝑠 + 𝐿𝑟𝑒𝑐𝑜𝑛 (8)

5 EXPERIMENTS
5.1 Experimental Setup
ImplementationDetails.We adoptChinese−CLIPViT−B/16[33] to
initialize the vision and text backbone of our pretraining framework,
while the remaining modules are randomly initialized. The visual
backbone used in our approach is the ViT model, which contains
86M parameters, and the textual backbone is the RoBERTa-wwm-
Base model, which contains 102M parameters. We set the hidden
state size and other baselines to 768. We set the maximum sequence
length of the query to 20 and that of the product text to 90. We
train the pretraining framework and the retrieval framework with a
batch size of 80 for 10 epochs on 32 Tesla V100 GPUs. Temperature
parameter 𝜏 is set to 0.07. We extract 5 frames for each video. We
use Adam [14] optimizer with an initial learning rate of 1e-2 for the
pretraining framework. In the retrieval framework, the learning
rate for the visual backbone and the generative model is set to 1e-5,
while the learning rate for the remaining components is set to 1e-4.
A linear learning rate decay schedule is adopted.

Baselines. We use 5 commonly used pre-trained models as
baselines in our experiments. Among them, XCLIP [22] is the pre-
trained model for videos, and we treat images as 1-frame videos
for input. CLIP [25], ChineseCLIP [33], CyCLIP [9] are pre-trained
vision-language models, and FashionCLIP [2] is a model tailored
for e-commerce scenarios. We use the output of video frames with
Average Pooling as the video domain representation.

Evaluation Metrics. Consistent with existing cross-modal re-
trieval tasks [1, 7, 10], we use the standard top-K recall metric to
evaluate the performance of our model, denoted as R@K. Specifi-
cally, we adopt R@10, R@20, R@50, R@100 and their mean as our
evaluation metrics.

5.2 Experimental Results
Quantitative results. To facilitate experimental comparisons and
future related work, we first construct a smaller dataset called PKU
Real400K, which has the same characteristics as Real20M but on a
smaller scale. We select 100,000 queries with their corresponding
products and micro-videos from the 1,000,000 queries in Real20M,
which are also multimodal. We conduct comparisons with baseline
methods and ablation experiments on the Real400K dataset and
demonstrate our approach’s performance on Real400K and Real20M
separately in the ablation experiments. Real400K is used as the
training set. In the test set, the query part consists of 400/3000
aligned and manually labeled products/micro-videos. The gallery
set contains a total of 200,000 products/micro-videos separately.

We conduct four sets of experiments to showcase the effective-
ness of our proposed approach. In the first set, we directly test five
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The pumpkin porridge made by the 
silent blender machine tastes great!

Anti-sticking bottom 
blender with 

heating function

Huadi Anti-Stick 
Bottom Blender
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low-noise blender

Huadi Sky Blue 
Ultra-thin Bottom 

Soundproof Blender

Triangular blender 
with 5-layer 

high-boron glass cup

Xiaohuanxiong 
blender, automatic  

food processor

Kawachi light-sound 
breaking machine

Tianrun milk beer has finally arrived,
 and it tastes really good.

16 bottles of 
Tianrun Milk Beer 

Lactic Acid Bacteria

Tianrun Milk Beer 
300ml * 12 cans

Tianrun Milk Beer Tianrun Milk Beer 
300ml * 12 canned 

packaging

Tianrun popular yogurt Concentrated 
original flavor lactic 
acid bacteria yogurt

Inner Mongolia 
pure milk powder, 
packed in bags

Popular deer antler and 
starry wall lamp

Wall lamp that looks better 
the more you look ❤

The real flower art wall 
lamp is really amazing!

Here comes a beautiful desk lamp! 
A popular small night light on the internet.

LEGO building blocks 
bouquet rose flower.

Lego Bricks - Lego flowers are both 
beautiful and practical!

Immersive Lego flower 
building experience.

Rose preserved flowers are so 
beautiful, aren't they?

ProductsMicro-videos

Products Micro-videos

Figure 5: Qualitative results on Real20M. We show reference products or micro-videos with blue boxes on the left and top-k
retrievals with descending scores on the right. Ground truths are shown with green boxes, others are shown in red boxes.

Table 2: Best scores are highlighted in bold, and second-best scores are underlined. "infer" represents directly applying themodel
to testing, "ft" represents fine-tuning the model on the dataset, "Q" represents integrating the model with our Query-driven
cross-domain retrieval framework.

Method Video2goods Goods2video Overall
R@10 R@20 R@50 R@100 R@10 R@20 R@50 R@100 R@10 R@20 R@50 R@100 Mean

CLIP-infer [25] 14.62 19.87 27.59 33.08 19.11 24.05 32.31 38.78 16.87 21.96 29.95 35.93 26.18
CyCLIP-infer [9] 15.22 19.89 27.69 34.56 20.11 24.59 32.55 38.92 17.67 22.24 30.12 36.74 26.69
FashionCLIP-infer [2] 10.47 14.03 20.09 24.43 15.32 19.08 25.06 30.40 12.90 16.92 22.58 27.42 19.86
XCLIP-infer [22] 9.21 11.15 13.73 15.85 17.20 18.82 21.85 24.95 13.21 14.99 17.79 20.27 16.60
ChineseCLIP-infer [33] 23.34 30.92 39.52 47.47 27.30 34.46 43.83 51.78 25.32 32.69 41.68 49.63 37.33
CLIP-ft 23.88 32.14 41.55 49.86 27.45 32.71 41.08 47.96 25.67 32.43 41.32 48.91 37.08
CyCLIP-ft 24.95 31.39 41.60 49.62 28.57 33.69 42.13 48.78 26.76 32.54 41.87 49.20 37.59
FashionCLIP-ft 24.09 32.12 41.33 49.05 27.85 34.64 44.78 52.94 25.97 33.38 43.06 51.00 38.35
XCLIP-ft 26.49 34.37 45.36 54.91 31.51 38.20 47.07 54.14 29.00 36.29 46.22 54.53 41.51
ChineseCLIP-ft 30.09 38.09 48.66 57.33 34.00 38.87 47.34 53.73 32.05 38.48 48.00 55.53 43.51
CLIP-Q 28.16 36.27 46.58 55.18 36.90 42.89 53.48 61.31 32.53 39.57 50.03 58.25 45.10
CyCLIP-Q 28.78 36.05 46.09 54.63 36.49 42.40 53.83 61.69 32.64 39.23 49.96 58.16 45.00
FashionCLIP-Q 34.84 44.20 55.63 64.84 38.54 45.93 55.08 63.11 36.69 45.07 55.36 63.98 50.27
XCLIP-Q 34.20 43.60 54.51 64.22 43.94 53.36 62.02 71.24 39.07 48.48 58.27 67.73 53.38
ChineseCLIP-Q 33.04 41.46 52.07 59.39 45.39 54.09 63.07 70.35 39.22 47.78 57.57 64.87 52.36
Ours-Q 36.66 46.97 57.91 66.85 47.91 55.64 64.61 72.45 42.29 51.31 61.26 69.65 56.13
Ours-Q + Pretrain 38.90 49.06 59.37 67.82 49.46 57.31 67.98 73.60 44.18 53.19 63.68 70.71 57.94

baseline methods on the testing dataset. However, the results indi-
cated that these methods exhibited poor performance despite being
pre-trained on luxury product data and a large-scale Chinese corpus
as reported in [24]. This benchmark has brought new challenges to
existing methods, mainly because our benchmark is different from

previous single-domain retrieval tasks. We require cross-domain
retrieval and the construction of connections between different
domains. In the second set of experiments, we utilize the commonly
employed content-based alignment technique, which uses a Siamese
network to model the product and micro-video domains separately,
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Table 3: Ablation study on our proposed dataset.

Method Video2goods Goods2video Overall
R@10 R@20 R@50 R@100 R@10 R@20 R@50 R@100 R@10 R@20 R@50 R@100 Mean

base (w/o Recon) 31.11 40.03 51.10 58.20 42.17 51.78 61.43 68.02 36.64 45.91 56.27 63.11 50.48
base (w Recon) 33.04 41.46 52.07 59.39 45.39 54.09 63.07 70.35 39.22 47.78 57.57 64.87 52.36
base + FTT 32.84 43.39 54.36 62.49 46.01 54.90 64.12 71.72 39.43 49.15 59.24 67.11 53.73
base + FTT + Fusion (Ours-Q) 36.66 46.97 57.91 66.85 47.91 55.64 64.61 72.45 42.29 51.31 61.26 69.65 56.13

Table 4: Ablation experiments using different pretraining
setting and scales. Q + P denotes Ours-Q + Pretrain.

Methods R@10 R@20 R@50 R@100 Mean
Ours-Q 42.29 51.31 61.26 69.65 56.13
Q + P (w/o EPL) 42.78 52.11 62.53 70.00 56.86
Q + P (w EPL) 44.18 53.19 63.68 70.71 57.94
Q + P (Real20M) 51.59 60.61 69.99 79.83 65.50

to align the features extracted from both domains. The third set of
experiments introduces our query-driven cross-domain retrieval
framework, which incorporates query-driven cross-domain con-
trastive loss and reconstruction loss to comprehend user intentions
and prevent text modality from dominating the retrieval outcomes
separately. Through comparing the results obtained from these two
sets, we observe that both methods align different domains and
establish interconnections between them, leading to a certain level
of improvement in performance compared to the first set of exper-
iments. Furthermore, our proposed cross-domain framework can
be applied to existing techniques to enhance performance. Notably,
the query-driven cross-domain retrieval approach outperforms the
content-based method, mainly due to the latter’s insufficient un-
derstanding of user intent, which poses challenges in capturing
the true intent in the micro-video or product domains. In contrast,
our proposed cross-domain framework can alleviate this issue, re-
sulting in better average performance increased by 8.02%, 7.41%,
11.92%, 11.87%, and 8.85% for the five methods respectively. In the
fourth set of experiments, we adopt the ChineseCLIP method as the
baseline and add the Frame-level Temporal Transformer (FTT) and
Fusion module to obtain fusion features that fully interact with
visual and textual information. Additionally, we add the three-level
entity-based pre-training method (EPL) to the three commonly used
pre-training methods. These two experiments are denoted as Ours-
Q and Ours-Q + Pretrain respectively, resulting the improvements
of 3.77% and 5.58%, compared to the ChineseCLIP-Q method.

Qualitative Analyses. In Figure 5, we showcase the retrieval
outcomes of our proposed method on the testing dataset. Specifi-
cally, the top two rows demonstrate the retrieval of products via
micro-videos, while the bottom two rows illustrate the retrieval of
micro-videos via products.

5.3 Ablation Studies
To investigate the effectiveness of our approach, we evaluate the
key designs in our frameworks on the Real400K dataset, shown in
Table 3 and Table 4. In Table 3, we use ChineseCLIP-Q as the base
and show the results of the base model without Reconstruction

Table 5: Ablation experiments using different visual-text
fusion models.

Methods R@10 R@20 R@50 R@100 Mean
Add 39.43 49.15 59.24 67.11 53.73
Combiner [1] 40.35 49.64 59.98 68.87 54.71
Fusion (Ours) 42.29 51.31 61.26 69.65 56.13

Loss, the base model with Reconstruction Loss, the base model with
the FTT model, and the base model with both the FTT and Fusion
models. In Table 4, we showcase the performance of our proposed
Ours-Q method, along with its variants incorporating VTC, VTM,
and MLM pre-training tasks, and further augmented with the EPL
pre-training task. By comparing the experimental results from the
table, each component adopted in the experiment plays a role in
improving the final results. Our proposed query-driven approach is
efficient in acquiring massive and diversified data. We also evaluate
our methods on the full-scale dataset Real20M and achieve signifi-
cant improvement compared to Real400K, shown in Table 4, with
an average increase of 7.56% in the mean metric.

We also test the effectiveness of typical multimodal fusion meth-
ods. Specifically, we adopt the method of directly adding features,
represented as Add, the SOTA method on FashionIQ [1], repre-
sented as Combiner, and our fusion method, represented as Fusion.
As shown in Table 5, our Fusion model achieved better results.

6 CONCLUSION
In this paper, we introduce a benchmark for cross-domain retrieval
and develop a dataset specifically for this purpose, called PKU
Real20M. In contrast to existing e-commerce datasets, PKU Real20M
not only contains products and micro-videos, but also both do-
mains are multimodal. Additionally, our dataset is constructed
based on search, which helps establish query-driven associations
between massive amounts of products and micro-videos. We pro-
pose a strong baseline method including a pre-training framework
based on three-level entity words prompt learning and a Query-
driven Cross-Domain retrieval framework (QCD). We hope that
our dataset and baseline will help bridge the gap between research
and practical applications in the e-commerce field.
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Figure 6: The comparison between our proposed query-based
and content-based retrieval results.

Table 6: Ablation experiments using different videomodeling
models.

Methods R@10 R@20 R@50 R@100 Mean
Add 39.22 47.78 57.57 64.87 52.36
Mean Pooling 38.71 48.11 58.13 65.89 52.71
LSTM 39.01 47.80 57.82 65.11 52.44
FTT (Ours) 39.43 49.15 59.24 67.11 53.73

to learn the intention of the micro-video through user queries,
enabling accurate retrieval of the target product, as shown by the
attention map and top two retrieval results in Figure 6.

A.2 Comparing different video modeling
models

Additionally, we also evaluate the results of different fusionmethods
for videos based on CLIP [20, 22], as shown in Table 6. From the
results, FTT performs better than the other methods.
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