21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

Spatiotemporal Graph Guided Multi-modal Network for
Livestreaming Product Retrieval

Anonymous Author(s)

ABSTRACT

With the rapid expansion of e-commerce, more consumers have
become accustomed to making purchases via livestreaming. Ac-
curately identifying the products being sold by salespeople, i.e.,
livestreaming product retrieval (LPR), poses a fundamental and
daunting challenge. The LPR task encompasses three primary dilem-
mas in real-world scenarios: 1) the recognition of intended products
from distractor products present in the background; 2) the video-
image heterogeneity that the appearance of products showcased in
live streams often deviates substantially from standardized prod-
uct images in stores; 3) there are numerous confusing products
with subtle visual nuances in the shop. To tackle these challenges,
we propose the Spatiotemporal Graphing Multi-modal Network
(SGMN). First, we employ a text-guided attention mechanism that
leverages the spoken content of salespeople to guide the model to
focus toward intended products, emphasizing their salience over
cluttered background products. Second, a long-range spatiotempo-
ral graph network is further designed to achieve both instance-level
interaction and frame-level matching, solving the misalignment
caused by video-image heterogeneity. Third, we propose a multi-
modal hard example mining, assisting the model in distinguishing
highly similar products with fine-grained features across the video-
image-text domain. Through extensive quantitative and qualitative
experiments, we demonstrate the superior performance of our pro-
posed SGMN model, surpassing the state-of-the-art methods by a
substantial margin. The code and models will be public soon.

CCS CONCEPTS

« Information systems — Multimedia and multimodal re-
trieval; - Computing methodologies — Visual content-based
indexing and retrieval.

KEYWORDS

Livestreaming Product Retrieval, Multi-modality, Graph learning

1 INTRODUCTION

Benefiting from the convenience of e-commerce, shopping online
become increasingly popular in recent years. The livestreaming
product retrieval (LPR) plays a crucial role in accurately match-
ing products shown in live clips with those available in online
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(c) Intra-domain and inter-domain spatiotemporal graphs.

Figure 1: Representative examples of cluttered and similar
background products (a) or large appearance variations such
as occlusion, motion, and illumination (b). The intra-domain
and inter-domain graphs (c) between videos and images to
enhance the spatiotemporal frame-level interaction.

shops, ensuring a seamless shopping experience and excellent mar-
keting ability [11, 13, 25]. Even though various customer-to-shop
retrieval methods have great progress [6, 12, 14], the cross-domain
livestreaming-to-shop problem in LPR has few studies yet. Some
unresolved challenges are still rooted in real-world applications.

First of all, accurately discerning the intended products offered
by salespersons during livestreaming is profoundly challenging. It
is common practice for salespersons to showcase multiple products
but focus on promoting a specific product at a given time, defined
as intended product. Some methods have attempted to incorporate
an additional product detection module [12, 46], but they will incur
high annotation costs and computational complexity, and also fail to
completely eliminate ambiguity of intent. Sometimes, the detection
of multiple foreground boxes introduces more uncertainty and
erroneous guidance, as shown in Fig. 1(a).

Secondly, the heterogeneity between realistic livestreaming videos
and product images further exacerbates the difficulty of cross-
domain retrieval. As depicted in Fig. 1(b), livestreaming introduces
variations in viewpoint, illumination, and occlusions, resulting in
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significant appearance disparities between products in livestream-
ing and in online store. It is very common in live scenarios, where
methods focused on the instance-level matching of entire clips will
fail [6, 12, 44]. Coarse-grained instance-level matching makes it
hard to track spatial structural deformations. The inevitable motion
and occlusions will render products visually obscured or degraded
during specific time slots, making frame-level sequential matching
with temporal consistency necessary. Moreover, Large domain dis-
crepancy leads to misalignment of intra-domain features. Existing
cross-domain retrieval methods [6, 8, 24, 30, 41] often treat different
domains equally while ignoring spatiotemporal relations within
and between domains, further reducing retrieval accuracy.

Another dilemma in real-world applications lies in the abun-
dance of highly similar products in online stores, necessitating
that models excel at learning fine-grained representations and dis-
criminating subtle distinctions among similar-looking products.
As shown in Fig. 1(a), there exists a plethora of indistinguishable
bracelets. Some methods based on pre-trained CLIP attempt to
learn classifiable visual embeddings from large-scale video-text
embeddings [4, 8, 21, 35]. However, generic features often fail to
capture subtle product characteristics. This deficiency contributes
to the suboptimal performance of the latest method, RICE [44],
particularly in the crucial first-ranking metric (R@1).

To tackle the real-world challenges mentioned above, we propose
the Spatiotemporal Graphing Multi-modal Network (SGMN) for
LPR. Our model consists of three key components: 1) We leverage
the verbal explanations provided by salespersons in livestreams,
which often contain explicit information about the intended prod-
ucts. The texts from Automatic Speech Recognition (ASR) transcrip-
tions and image titles guide the model to focus on products highly
relevant to the verbal context, mitigating distractions from back-
ground clutter items. 2) We design a Graph-based Cross-domain
Interaction (GCI) module to capture spatiotemporal correlations
between videos and images. It is the first exploration of using
sequence-to-sequence graph learning to model and enhance cross-
domain temporal consistency and spatial correlation. As shown in
Fig. 1(c), we establish the intra-domain and inter-domain connec-
tion graphs between video and image synchronously. Benefiting
from the frame-level connectivity, the model can still accurately
localize regions of intended products that encounter appearance
distortion due to occlusion, motion, and brightness changes in
Fig. 1(b). 3) The Selective Multi-modal Fusion (SMF) module is pro-
posed to assist the model in distinguishing highly similar products.
This mechanism selects the top-K hard examples in global ranking,
and then fuses their visual and textual representations for implic-
itly recalibrating ranking and discerning semantic heterogeneity.
The fine-grained alignment across the video-image-text domain
demonstrates robust potential. Notably, our method adheres to the
principle of independently encoding multi-modal inputs during
inference, striking a balance between efficiency and accuracy.
Our contributions can be summarized as follows:

e We introduce the textual information in the detector-free
retrieval framework to guide model attention on the in-
tended product. The comprehensive yet unified represen-
tation learned from the cross-modal alignment space of
video-image-text solves the practical dilemma of LPR.

Anon.

o The spatiotemporal graph learning is first explored for cap-
turing sequential relations, alleviating inter-domain mis-
alignments in both spatial and temporal dimensions.

o We selectively fuse multi-modal features to enhance fine-
grained representations of hard samples, distinguishing
products with subtle visual differences.

e Our method achieves the best performance on the large-
scale benchmark dataset. Extensive quantitative and quali-
tative experiments prove the superiority of SGMN.

2 RELATED WORKS
2.1 Livestreaming Product Retrieval

Before the livestreaming became popular, researchers paid more
attention to the customer-to-shop clothes retrieval tasks, such as
fashion retrieval [10, 11, 13, 15, 25]. Motivated by video-to-shop
retrieval, some works are dedicated to providing pair-matching
solutions between image and video features, such as DPRNet [46]
and SEAM [12]. Such methods adopt a two-stage framework com-
bining detection and retrieval, localizing the products in the video
before performing the global similarity match. AsymNet [6] uses a
single-stage network that removes object detection to reduce model
complexity. RICE [44] proposes a single-stage network without ob-
ject detection to reduce model complexity. However, these methods
have yet to effectively leverage the textual modality to identify
the intended products. In our work, we make the first attempt at
enhancing visual representations of intended products using the
textual features in a one-stage framework.

2.2 Cross-domain Retrieval and Interaction

Existing cross-domain retrieval methods usually learn unified rep-
resentations across different domains. Some methods feed concate-
nated visual and textual features into classifiers to predict image-to-
text matching performance [4, 21, 34, 35]. CLIP2Video [8] transfers
knowledge from pretrained CLIP to learn video-to-text features.
Recent methods with high inference performance use independent
encoders to extract global features and compute cross-domain sim-
ilarity [28, 30, 32, 36, 48]. Methods for cross-domain interaction
are also explored. SCAN [19] uses an attention mechanism to fuse
across domains, and IMRAM [2] applies an iterative network for
interaction. The multi-grained matching mechanism[30] shows
limited performance in capturing long-range temporal dependency.
Our work employs a spatiotemporal graph to enhance the cross-
domain consistency across the video-image-text domain.

2.3 Reason Graph Learning

The graph reasoning network (GCN) has proven effective due to
the powerful expressive capability of graph structures[3, 38]. In
cross-domain retrieval tasks, using graph reasoning networks [16,
18, 47] to learn the relationship between different domains is a
common practice. VSRN [20] models the local visual features of key
objects semantically. CGMN [5] and GSMN [22] learn image-text
matching using a cross-domain graph matching network. DSRAN
[40] adopts the graph attention. Wang et al. used a coarse-to-Fine
graph network for video-text retrieval [39]. The HREM [9] learns
semantic relationships among image and text via a hierarchical
graph relation model. These methods have shown the advantages
of graph learning in modeling spatial correlation, but its potential
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Figure 2: The architecture of the proposed SGMN. The inputs are live video clips, text from video ASR, product images, and
product titles. Paired image-video and ASR-title representations in GRA module are independently encoded and weighted for
global similarity. The GCI module (Top right) constructs the video graph, image graph, and video-image graph for cross-domain
spatiotemporal relation learning. The SMF module (Bottom Right) selects hard examples and fuses multi-modal features for
distinguishing mining. Only the GRA module is used for inference, while the GCI and SMF modules are applied for training,.

in capturing temporal information within video sequences has
yet to be explored. Our work has made preliminary attempts and
validations in spatiotemporal sequence-level graphing.

3 METHOD

Our SGMN consists of three parts: the Global Representation Align-
ment (GRA), the Graph-based Cross-domain Interaction (GCI), and
the Selective Multi-modal Fusion (SMF), as illustrated in Fig. 2. Fur-
ther implementation details are elucidated in subsequent sections.

3.1 Global Representation Alignment

Image Encoder. We use the pretrained ViT-B/32 model from CLIP [29]
as the image encoder. We define a batch of N images as I € RN*HXW
and the encoders extract non-overlapping image patches with the
size of p X p. Then we perform a linear projection to project these
flattened patches into 1D markers as shown in Fig. 2. We then
use the Multi-Head Attention (MHA) mechanism to interact with
each patch of the image for the global aggregated features I;; and
patch-level hidden embedding I;4:

{Lets: Iniat = Fmua (Qr Kr, Vi), 1
where Q, K, and V represent the query, key, and value. The Ijs €
RN*D and D is the embedding dimension.

Video Encoder. The live streams are divided into clips V € RNXIXHXW

where L is the length of video frames. We share parameters between
the image encoder and the video encoder for global representation
alignment, so the sequential features of video clips are encoded as:

{Vets Vnia} = Fvna (Qv. Kv, Vy). @
We also adopt the cls token V,;; € RVXIXD a5 the global representa-
tion of video clips. To enhance inter-frame alignment inside videos

and extract correlations within each frame, we use a Temporal
Motion Compensation (TMC) module. TMC adds the displacement
of inter-frame actions to the video sequence to simulate motion
changes as Af; = ff — fi=1, where f*~! and f? represent two
adjacent frames. We then encode the motion of consecutive frames
and insert them as a motion compensation token for enhancing
differential-level attention. The global video representation after
motion-compensated enhancement is:

Voisual = 7:I'MC(Vcls | {Afl, Ast EERE] Aft}) (3

Text Encoder. ChineseCLIP [43] is used to extract initial textual
representations for video automatic speech recognition (ASR) T,
and image titles Tjzem. To keep the model lightweight, we pre-
trained the ChineseCLIP model and fixed the parameters in model
training. Since the speech information from the salesperson al-
ways contains redundant product-independent information in the
real-world livestreaming, we add a filter layer Fgjie, to eliminate
irrelevant units while retaining key information.

Viext = ﬁilter(ﬁlip(Tasr))’
Trext = 7?'ilter(7‘_clip(Titem))’

where the i (+) is the function of ChineseCLIP.

Similarity Loss. We use the triplet loss 77(-) [7] to measure the
similarity of visual and textual embedding. The detailed imple-
mentation can be found in the supplementary. Therefore, the opti-
mization goal of GRA is defined as the similarity loss £s between
video-to-image and text-to-text representations, and A is defined as
the loss weighting factor.

Ls =T Voisual> Loisual) + AT (Veexts Itext)- (©)]
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3.2 Graph-based Cross-domain Interaction

Graphs Reconstruction. We build a video graph, image graph, and
video-image graph using global representations, as shown in Fig. 2.
These spatiotemporal graphs can capture temporal consistency and
spatial relations synchronously.

First, for a batch with N video-image pairs, the sequence length
of the video is L, so we can obtain the global video features as Sy =
Vyisual € RNXIXD Then we stack images into sequences of the
same length as video clips for the sequence-to-sequence alignment,
and the stacked global image features as Sy = Stack(Iy;sua1) €
RNXLXD The construction of the inter-domain spatiotemporal
graph is shown in Fig. 3. The video-to-image similarity matrix
Hyor € RNXIXL s represented as:

Hyar = SySi. ()

However, fully connecting each <frame, image> pair while ig-
noring the relative importance is suboptimal [33]. Thus we define
two intra-domain relation matrices and two inter-domain relation
matrices, which are video spatiotemporal graph Gy,y, image spa-
tial graph Gyo and video-image cross-domain graph Gy, and Gay .
Then we build the entire spatiotemporal graph with intra-domain
relations and cross-domain association as follows:

Gy Gpy

G =
Gyvzr  Gvay

™

Given N image-video pairs, the size of four relation matrices are
{Gv2v,Gva1,.Gr21,Gpav } € RNVXLXL The matrices Gyay and Gpor
represent the instance-level correlation of images or videos, while
the matrices Gy, and Gy represents the frame-level correlation
between each image and each video frame. All nodes and edges in
graphs independently and jointly represent objects and relations of
multiple domains. Then we refer to the frame-by-frame matched
scores to filter out irrelevant connectivity and define two semantic
properties: Connection and Relevance.

i) Connection. To build an efficient correlation graph and pre-
serve useful spatiotemporal connections, we follow an advanced
fine-grained matching scheme [19]. The connection relationships
between each video frame and the image depend on the matching
relationships of multiple nodes.

As shown in Fig. 3, given the frame-image similarity matrix, each
column vector represents the matching relationships between each
video frame and a certain image. We first compute the mean of the
similarity and then measure the top-K matching pairs. We calculate
the difference between the mean value and top-K values as:

Ci = Mean(H},,;) — topK(H,;, K), ®)
where i € [0,L) and H}, . is the i-th column vector and K is set

val
as L/2. Finally, the connection property between the frame and

the image is determined based on the logical values of C. The
M € RNXIXL js the connection mask:

M;j=1if Cij >=0,

Mi,j =0if Ci’j <0, ©)

ii) Relevance. Due to the heterogeneity between videos and images,
simply using global embeddings for cross-modal relevance learning
is insufficient. So we continue to employ fine-grained matching
based on multiple nodes to narrow the cross-domain differences.

Anon.

Video Image

Figure 3: Graph construction of a cross-domain connection
between video and image sequences within a batch.

For the video-to-image associations, we first extract the column
vectors of H{,,, and then simultaneously compute the mean value
and remap the top-K matching scores:

Aj; = Mean(Hyy;) + Farp (topK(H{ryp, K)), (10)

where i € [0, L) is the column index and K = L. Since the relevance
learning for different samples within a batch is independent, we use
an additional batch linear layer to encourage interactions between
different samples and further expand the matching receptive field.

Ri = FeLL(Ai), (11)

where the 11 (+) includes an ReLU activation layer and two linear
layers. Then we obtain the relevance matrix R for all pairs of video-
to-image instances.

Therefore, the cross-domain graph can be constructed from the
connection matrix C and relevance matrix R as:

Gy =R®C. (12)

Cross-domain Interaction. As shown in Fig. 4, we design two
attention branches to enhance the visual representation. The cross-
domain connections in GCI represent the interaction of intra-domain
and inter-domain features. We use the constructed graph Gppy and
Gyg to replace the mask in the MHA function to guide the model
attention to local areas with high relevance as:

Im = FIN(PMHEA (QL Kv, W | Gav)),

Vi = FIN((FmHA QY. K1, Vi | Gyar)), (13)
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Figure 4: Details of the cross-domain interaction module.

where FN(-) is the layer norm function. Then we take the graph-
enhanced feature I, and Vj;, through the MHA module under the
guidance of the intra-modal graphs G5 and Gy,y to obtain the
graph-enhanced visual representation I; and Vy, and Frpn(-) is the
function of a feed-forward network.

Iy = Fren (FMHA (Q1,,,> KT, Vi, | Gr21)),

14
Vy = Fren(Fmua (Qv,,. Kv,,.. W, | Gvav)). (1)

Graph Loss. We first use the triplet loss 77(-) to compute the
cosine similarity of features augmented by spatiotemporal graphs,
jointly optimizing the parameters of the image, video, and video-
image graphs. In addition, the cross loss between the enhanced
embedding and the original embedding is additionally calculated
to narrow the feature domain difference, and the graph loss is:

.l:gr = T(Vg: Ig) +T Vaisuals Ig) + T(Vg’ Lvisual)- (15)

We use the KL-divergence loss [37] function K(-) to minimize
the difference between the distribution of calibrated cross-domain
correlations and the global embedding.

L1 = K(Gyar, Hyar) + K(Grav, Hizv). (16)
And the total loss in GCl is defined as Ly = Lgr + L.

3.3 Selective Multi-modal Fusion

To improve the discrimination of semantically related and visually
similar products, we further perform the hard negative mining oper-
ation using the multi-modal features. First, we compute a similarity
matrix with visual and textual representations in the GRA module
to select hard examples as follows:

Msim = Vyisual - Il

T
visual aViext  Liexs (17)
then we select top K samples ranked in M, as the hard samples for
further matching. The K is set to 4. The visual and textual features
of these samples are selected as:
ind = topK(Msim, K),

Vz)isualjvisual = Voisuat [ind], Lyisyar [ind], (18)
Vtext) jtext = Viext[ind], Itext [ind].

Besides, we fuse the textual feature and visual representations of
selected samples using a fusion layer Fggion (+). The multi-modal
features of video and image are learned.

V = ﬁusion(Vuisual) Vtext)s f = (}vfusion(fuisual;itext) (19)

The fused features V and I will pass through a perceptual module
consisting of a self-attention layer and a cross-attention layer F¢ross

MM 24, 28 October - 1 November 2024, Melbourne, Australia

to obtain cross-domain features:
Veross = ﬁross(Qj, (}q}, (V{/), (20)

Then we use the symmetric cross-entropy loss &(-) [8] to calculate
the matching loss in hard negative mining.

Lm = E(AvgPool(Veross))- (21)

3.4 Optimization Target

To learn a comprehensive representation from the video-image-text
alignment space, the total loss is optimized as:

Liotal = Ls + prLg + f2Lim. (22)

Mentioned that the model only uses the independent embedding in
GRA to calculate the global similarity in the inference stage, having
high matching accuracy and efficiency.

3.5 Model Inference

During the inference stage, only the GRA module is utilized to
independently encode the global visual and textual representations
of the input video and the product gallery images. The matching
scores S are calculated as a weighted similarity of the embeddings
from the visual and text domain.

T T
S = Voisuatlyigyar + AVeextIext- (23)

4 EXPERIMENTS
4.1 Experimental Setup

Datasets. We conduct experiments on the publicly available dataset
LPR4M [44] and MovingFashion (MF) [12]. The LPR4M dataset is
the largest publicly available multi-modal dataset that covers 34
categories and comprises three modalities (image, video, and text).
It includes 3,955,181 pairs of video-images for training and 20,079
pairs for testing, encompassing a diverse range of scenes. The MF
dataset contains only one category of fashion clothing with two
modalities (image, video), comprising 15,045 pairs in the training
set and 1,341 pairs in the test set. These well-stocked commerce
datasets facilitate a fair evaluation of our method in real-world
scenarios. More dataset analyses are available in the supplements.
Implementation Details. We initialize image and video encoders
using the pretrained ViT-B/32 model from CLIP [29] with a feature
dimension of 512. The text encoder is initialized by the pretrained
RoBERTa-wwm-Base model from ChineseCLIP [43]. For video pre-
processing, we extract 10 evenly spaced frames from each clip. Each
frame in videos has a probability of 0.5 to be randomly masked
for data augmentation, and the masking percentage ranges from
0 to 0.9. We set the weight factor A = 0.5 in Eq. 5 and Eq. 23. The
margin in triplet loss is set to 0.2 for proper discrimination. In
Eq. 8, top-K scores serve as the relevance threshold, set to L/2 to
balance performance and complexity. In Eq. 17, higher K implies
more memory (M) costs, so we set K=4. The weight factors are
1 =0.7 and B2 = 0.3 in Eq. 22. In model optimization, we use the
Adam [17] optimizer with a batch size of 256. The learning rate
is 3 x 1074, which decays following the cosine schedule [27]. Our
models are trained on 8 NVIDIA Tesla V100 GPUs. Following the
standard retrieval task [31, 45], recall at rank K (R@K) is adopted
as the metric to evaluate the performance quantitatively.
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Table 1: Performance comparison on the LPR4M dataset.

Methods | R@1 | R@5 | R@10 | R@mean
FashionNet [25] 13.4 | 33.8 50.4 32.5
AsymNet [6] 220 | 467 | 63.8 442
SEAM [12] 23.3 49.5 61.4 44.7
TimeSFormer [1] | 28.6 | 56.8 | 69.0 51.5
NVAN [23] 214 | 452 | 627 431
SwinB [26] 29.1 60.1 73.9 54.4
RICE [44] 33.0 | 65.5 77.3 58.6
SGMN (w/o TE) 38.7 | 66.5 76.2 60.5
SGMN (Ours) | 43.4 | 68.9 | 79.2 63.8

Table 2: Performance comparison on the MF dataset.

Methods | R@1 | R@5 [ R@10 | R@mean
NVAN [23] 38.0 [ 62.0 [ 70.0 56.7
MGH [42] 40.0 | 59.0 | 66.0 55.0
AsymNet [6] 42.0 | 73.0 | 86.0 67.0
SEAM [12] 49.0 | 80.0 | 89.0 72.7
RICE [44] 76.1 | 89.7 | 92.6 86.1
SGMN (w/o Finetune) | 43.1 | 63.5 | 70.7 59.1
SGMN (Ours) 77.8 | 90.3 | 92.7 86.9

4.2 Comparison with Other Methods

We quantitatively compare the proposed SGMN with the existing
methods on the LPR4M dataset and MF dataset, and the results are
shown in Tab. 1 and Tab. 2. On the large-scale dataset LPR4M, the
retrieval performance of our method outperforms the state-of-the-
art RICE [44] by 10.4% in R@1, 3.4% in R@5, and 1.9% in R@10.
Existing methods exhibit limited performance on LPR4M with rich
categories and diverse scenes. We also verified the performance of
SGMN without using textual features (w/o TE). Our SGMN can still
achieve a performance gain of 5.7% on R@1 without the textual
guidance to the salient regions (38.7% vs 33.0%).

Since the MF dataset does not have text modality, we do not fuse
the textual information in training. Efficient global cross-domain
alignment still allows SGMN to maintain the best performance with
significant gains. Compared with the official method of MF dataset
SEAM, our method improves R@1 by 28.8% in R@1. Although the
MF testset contains only 1,342 videos, our approach still gains a 1.7%
advantage over the highest RICE method in the crucial R@1 metric,
signifying our superiority in extracting fine-grained discriminative
features. We also verified the model trained on LPR4M without
finetuning on MF, and the results show that even if the model
has not seen the MF data, it can still surpass most trained models,
demonstrating robust zero-shot fitting and generalization capability.
To summarize, our method benefits from cross-domain connections
and fine-grained matching, showing greater superiority on both
simple and diverse datasets, particularly in the crucial R@1 metric.

4.3 Qualitative Results

Retrieval Results. We randomly select several video sequences
from MF dataset and LPR4M dataset, and the top-3 shop images are
shown in Fig. 5. It can be seen that even if the live scene is filled
with numerous products of the same type, our SGMN can still find

Anon.

Ranking

Video sequence

EPINE 23R

[T |

(b) MF dataset
Figure 5: Ranking results of representative products in LPR.

Table 3: Comparison of inference time of different methods.

Method ‘ AsymNet SEAM TimeSFormer RICE SGMN
Time (ms) 910.4 622.6 163.2 24.0 24.3
Params (M) 295 52 185 158 174

R@1 (%) 22.0 23.3 28.6 33.0 43.4

the best matched product. Besids, our model performs excellently
in distinguishing highly similar clothes in the MF dataset. Even
though the intended products encounter appearance distortion due
to occlusion, motion, scaling, or illumination variations, our method
can still accurately retrieve the correct products.

Inference Time. We show the model inference time in Tab. 3 to
verify the efficiency of our one-stage strategy. Experiments for
different methods were conducted following their open-source set-
ting and replicated on the Tesla T4 GPU. Compared to two-stage
methods like AsymNet and SEAM, which require additional object
detection, our SGMN achieves over 30 times faster speed. Even with
the TE module, our SGMN demonstrates nearly identical runtime
to RICE using the same CLIP model. Benefiting from globally inde-
pendent encoding and parameter sharing, our SGMN balances well
between model complexity and performance.

Generalization and Robustness. We carried out experiments
on different video variations of the LPR4M dataset and the results
are in Tab. 4. RICE,4;cp, is a one-stage algorithm, while RICEp
is a two-stage algorithm manually incorporating detected boxes.
Data is divided into small, medium, and large subsets with different
product scales, visible durations, and product numbers. Our SGMN
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Table 4: The R@1 performance of various methods is evaluated on the LPR4M dataset across subsets categorized by video varia-
tions, including product scale, visible duration, and number of products. The best performance for each subset is highlighted.

scale visible duration number of product
Methods overall . . .
small medium large | short medium long | abundant medium few
RICE ,4/ch 31.2 | 289 370 327 | 281 329 396 | 210 346 315
RICEpox 33.0 32.7 39.0 33.8 29.6 34.8 42.0 17.6 31.9 33.4
SGMN (Ours) 41.5 38.3 43.0 54.9 | 36.6 43.6 54.5 24.7 32.3 42.9

iaa]

‘What is shown now is the
hairpin of the butterfly
that girls like, and it is
very temperamental.

Butterfly hairpin

with TDE

]

The Pixiu necklace is a
‘mascot for getting rich in
the hearts of Chinese
people and is very popular

Vermilion Pixiu necklace

with TDE

Figure 6: Attention visualization with and without (w/o)
TE modules. Benefiting from the embedding and guidance
of text information, the model tends to focus on keyword-
related products in the cluttered background. The keywords
‘butterfly’ and ‘Pixiu necklace’ that co-exist in the video text
and product items correct the model attention efficiently.

consistently outperforms RICE by a significant margin across vari-
ous subsets, demonstrating robustness in real-world scenarios.

4.4 Ablation Study

Text Attention Analysis. Embedding text from video ASR and
product items can guide the model to focus on the intended item
in the cluttered background at a low cost. Therefore, we visualized
the attention of the video encoder in GRA equipped with or with-
out (w/0) the TE module. As shown in Fig. 6, the method with TE
is superior to that w/o TE in accurately retrieving the intended
product. For example, in the live clip of selling hairpins, multiple
similar hairpins appear in view simultaneously, interfering with
the identification of intended products. In this case, the keyword
‘butterfly’ mentioned by the live salesperson played a key role,
significantly increasing the probability of matching products that
contain both ‘butterfly’ and ‘hairpin’ in the title. Similarly, there
are a large number of extremely similar products in the vermilion
necklace category gallery, and their visual differences are almost
negligible in the live domain, where the resolution is degraded. For-
tunately, the assistance of text information solves this dilemma very

Table 5: Hyperparameters analysis of loss function.

b1 0 0.2 0.3 0.5 0.7 0.8 1
p2 1 0.8 0.7 0.5 0.3 0.2 0
R@1 | 39.1 418 40.7 415 434 394 409

Table 6: Performance of combining different relation graphs,
including intra- and inter-domain graphs of video and image.

# | Gror Gyvay  Gpyvsver | R@1 R@5 R@10
A 38.6 65.7 76.5
B v 38.8 65.9 77.0
C Vv 39.7 66.7 77.3
D Vv 40.1 67.0 77.8
E v v 39.9 67.2 77.6
F v v 40.5 67.5 78.1
G v Vv 40.8 67.9 78.6
H v v v 434 68.9 79.2

Table 7: Model component ablation on the LPR4M dataset.

TE TMC GCI SMF | R@l R@5 R@10
32.8  58.7 72.7
373  63.8 74.4
v 38.2 652 76.1
409 673 77.8
v v v 434 68.9 79.2
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well. The keywords ‘Pixiu’ and ‘necklace’ have endowed the prod-
uct with specificity, freeing the network from the interference of
redundant products irrelevant to the keywords. These results show
that our SMGN equipped with additional textual representations
alleviates the difficulty of product-heavy recognition.

Loss Function Analysis. As shown in the Tab. 5, we analyze
the weights of different components in the loss function. It can be
observed that not using graph loss or hard example loss is unwise.
A higher weight for the graph loss brings more performance gain,
but it needs to be balanced with the SMF module. The frame-level
temporal correlation complements high similarity discrimination,
so we set 1 and f2 in Eq. 22 as 0.7 and 0.3 respectively.
Different Spatiotemporal Graphs. To analyze the performance
of spatiotemporal graph learning in enhancing cross-domain inter-
action, we verified the performance using different relation graphs,
and the results are shown in Tab. 6. The baseline uses the self-
attention mechanism to interact with the initial features of videos
and images. It can be seen that using graph learning to enhance
intra-domain correlation is helpful because the methods using Gyay
or Gyy graphs both have performance gains. Besides, constructing
Grov and Gy graphs with cross-domain interactions has a higher
gain in R@1 (40.1% vs 38.6%), indicating that the spatiotemporal
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(c) Attention visualization for retrieved videos

Figure 7: Quantitative and qualitative comparison of our proposed SMF module in identifying multiple highly similar products.
(a). Three similar-looking liquor video sequences (A, B, and C) and corresponding intended product images (I, II, and III). (b).
Quantification of the global embedding similarity between the three videos and the corresponding product images using the
model with or without the SMF module. (c). Attention visualization of our SGMN on encoded features for three video sequences.

aligned domain is more conducive to learning efficient represen-
tations. Since products in the live domain often have appearance
deformations, capturing enough fine-grained and long-range fea-
tures to distinguish video-to-image pairs accurately is critical. The
jointly modelled temporal consistency and spatial correlation en-
hance the global embedding of images and videos, achieving a 2.9%
accuracy gain in R@1 (41.5% vs 38.6%).

Identification of Similar Products. In livestreaming e-commerce,
similar products have incredibly similar appearance and visual fea-
tures and often appear in the same field of view to facilitate sales,
further exacerbating recognition accuracy. Therefore, to illustrate
that our proposed SMF module strengthens the model in distinguish-
ing hard negative samples, we selected several video sequences with
top scores in the ‘Liquor’ category retrieval for quantitative and
qualitative comparisons. As shown in Fig. 7(a), the product images
of the three liquors have extremely slight visual differences, and
their corresponding live video sequences are also easily confused.
We quantify the similarity scores of the three videos (A, B, and C)
and the corresponding product images (I, II, and III) with and with-
out (w/0) the SMF module, and the results are shown in Fig. 7(b). It
can be seen that the model without SMF has poor scoring discrimi-
nation for similar products, and the scores of the correct category
and the wrong category are very close, which increases the proba-
bility of misclassification. On the contrary, the model that further
performs hard example mining using SMF has higher discriminative
power for similar products. Furthermore, we visualize the visual
attention of our SGMN on three video sequences in Fig. 7(c). The
mining of hard samples incorporating multi-modal features cap-
tures sufficient fine-grained features to recalibrate model attention
on intended products accurately and efficiently.

Model Component Ablation. We analyze the performance of
each component in our method on the LPR4M dataset and present
the quantitative results in Tab. 7. The baseline is a GRA module
that independently encodes visual representations. It can be seen

that each component we designed is effective. Among them, the
TE introducing text attention and GCI learning spatiotemporal
cross-domain interaction achieved higher performance gains, which
are 4.5% and 2.7% in R@1, respectively. TMC enhances the intra-
frame correlation of the global embedding of the video, and SMF
further distinguishes similar samples, achieving R1 gains of 0.9%
and 0.6%. Overall, the GCI module emphasizes frame-level fine-
grained correlation over global coarse-grained alignment, while
the SMF module achieves highly similar semantic discrimination
at minimal cost. Our proposed solution aims to comprehensively
optimize spatiotemporal consistent multi-modal representations,
addressing the application dilemma of LPR step by step.

5 CONCLUSION

In this paper, we rethink the LPR task from a more macroscopic
and practical point of view and propose a one-stage spatiotempo-
ral graphing network to address the real-world dilemmas of LPR
tasks. To the best of our knowledge, this is the first exploration of
sequence-to-sequence graph learning in mitigating heterogeneity
between videos and images. Existing methods are limited by their
narrow focus on coarse-grained matches. But we progressively en-
hance the fine-grained discrimination by integrating modality-level
text embeddings, instance-level similarity mining, and frame-level
graph learning. Despite potential distortions in appearance within
the complex livestreaming domain, our method adeptly tracks spa-
tial deformations, ensuring precise location of the intended product.
Moreover, we have fully harnessed the accessible textual infor-
mation from live ASR transcripts and product titles, freeing the
network from interference over cluttered background products. The
further hard negative mining in video-image-text alignment do-
main improves the ability of our model to distinguish highly similar
products. Extensive quantitative experiments show that our method
well satisfies the demand for both local fine-grained attention and
global spatiotemporal awareness in real-world scenarios.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905

907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Spatiotemporal Graph Guided Multi-modal Network for Livestreaming Product Retrieval

REFERENCES

(1]

(2]

(3]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[20]

[21]

[22]

[23]

[24]

Gedas Bertasius, Heng Wang, Bertasius Gedas Torresani, Lorenzo, Heng Wang,
and Lorenzo Torresani. 2021. Is space-time attention all you need for video
understanding?. In ICML, Vol. 2. 4.

Hui Chen, Guiguang Ding, Xudong Liu, Zijia Lin, Ji Liu, and Jungong Han. 2020.
Imram: Iterative matching with recurrent attention memory for cross-modal
image-text retrieval. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. 12655-12663.

Yunpeng Chen, Marcus Rohrbach, Zhicheng Yan, Yan Shuicheng, Jiashi Feng, and
Yannis Kalantidis. 2019. Graph-based global reasoning networks. In Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition. 433-442.
Yen-Chun Chen, Linjie Li, Licheng Yu, Ahmed El Kholy, Faisal Ahmed, Zhe Gan,
Yu Cheng, and Jingjing Liu. 2020. Uniter: Universal image-text representation
learning. In European conference on computer vision. Springer, 104-120.

Yuhao Cheng, Xiaoguang Zhu, Jiuchao Qian, Fei Wen, and Peilin Liu. 2022. Cross-
modal graph matching network for image-text retrieval. ACM Transactions on
Multimedia Computing, Communications, and Applications (TOMM) 18, 4 (2022),
1-23.

Zhi-Qi Cheng, Xiao Wu, Yang Liu, and Xian-Sheng Hua. 2017. Video2shop: Exact
matching clothes in videos to online shopping images. In Proceedings of the IEEE
conference on computer vision and pattern recognition. 4048-4056.

Fartash Faghri, David J Fleet, Jamie Ryan Kiros, and Sanja Fidler. 2017. Vse++:
Improving visual-semantic embeddings with hard negatives. arXiv preprint
arXiv:1707.05612 (2017).

Han Fang, Pengfei Xiong, Luhui Xu, and Yu Chen. 2021. Clip2video: Mastering
video-text retrieval via image clip. arXiv preprint arXiv:2106.11097 (2021).
Zheren Fu, Zhendong Mao, Yan Song, and Yongdong Zhang. 2023. Learning
Semantic Relationship Among Instances for Image-Text Matching. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 15159—
15168.

Bojana Gajic and Ramon Baldrich. 2018. Cross-domain fashion image retrieval.
In Proceedings of the IEEE conference on computer vision and pattern recognition
workshops. 1869-1871.

Yuying Ge, Ruimao Zhang, Xiaogang Wang, Xiaoou Tang, and Ping Luo. 2019.
Deepfashion2: A versatile benchmark for detection, pose estimation, segmen-
tation and re-identification of clothing images. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 5337-5345.

Marco Godi, Christian Joppi, Geri Skenderi, and Marco Cristani. 2022. Moving-
Fashion: a Benchmark for the Video-to-Shop Challenge. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision. 1678-1686.

M Hadi Kiapour, Xufeng Han, Svetlana Lazebnik, Alexander C Berg, and TamaraL
Berg. 2015. Where to buy it: Matching street clothing photos in online shops. In
Proceedings of the IEEE international conference on computer vision. 3343-3351.
Junshi Huang, Rogerio S Feris, Qiang Chen, and Shuicheng Yan. 2015. Cross-
domain image retrieval with a dual attribute-aware ranking network. In Proceed-
ings of the IEEE international conference on computer vision. 1062-1070.

Xin Ji, Wei Wang, Meihui Zhang, and Yang Yang. 2017. Cross-domain image
retrieval with attention modeling. In Proceedings of the 25th ACM international
conference on Multimedia. 1654-1662.

Zhong Ji, Kexin Chen, Yuqing He, Yanwei Pang, and Xuelong Li. 2022. Hetero-
geneous memory enhanced graph reasoning network for cross-modal retrieval.
Science China Information Sciences 65, 7 (2022), 172104.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A method for stochastic opti-
mization. arXiv preprint arXiv:1412.6980 (2014).

Zhanghui Kuang, Yiming Gao, Guanbin Li, Ping Luo, Yimin Chen, Liang Lin,
and Wayne Zhang. 2019. Fashion retrieval via graph reasoning networks on a
similarity pyramid. In Proceedings of the IEEE/CVF international conference on
computer vision. 3066-3075.

Kuang-Huei Lee, Xi Chen, Gang Hua, Houdong Hu, and Xiaodong He. 2018.
Stacked cross attention for image-text matching. In Proceedings of the European
conference on computer vision (ECCV). 201-216.

Kunpeng Li, Yulun Zhang, Kai Li, Yuanyuan Li, and Yun Fu. 2019. Visual semantic
reasoning for image-text matching. In Proceedings of the IEEE/CVF international
conference on computer vision. 4654—4662.

Liunian Harold Li, Mark Yatskar, Da Yin, Cho-Jui Hsieh, and Kai-Wei Chang.
2019. Visualbert: A simple and performant baseline for vision and language.
arXiv preprint arXiv:1908.03557 (2019).

Chunxiao Liu, Zhendong Mao, Tianzhu Zhang, Hongtao Xie, Bin Wang, and
Yongdong Zhang. 2020. Graph structured network for image-text matching. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
10921-10930.

Chih-Ting Liu, Chih-Wei Wu, Yu-Chiang Frank Wang, and Shao-Yi Chien. 2019.
Spatially and temporally efficient non-local attention network for video-based
person re-identification. arXiv preprint arXiv:1908.01683 (2019).

Huidong Liu, Shaoyuan Xu, Jinmiao Fu, Yang Liu, Ning Xie, Chien-Chih Wang,
Bryan Wang, and Yi Sun. 2021. Cma-clip: Cross-modality attention clip for
image-text classification. arXiv preprint arXiv:2112.03562 (2021).

[25]

[26]

[27

[28

[29

[30]

[31

[32

(34

[35

[41

[42

[43

[44

[45]

[46

[48

MM 24, 28 October - 1 November 2024, Melbourne, Australia

Ziwei Liu, Ping Luo, Shi Qiu, Xiaogang Wang, and Xiaoou Tang. 2016. Deep-
fashion: Powering robust clothes recognition and retrieval with rich annotations.
In Proceedings of the IEEE conference on computer vision and pattern recognition.
1096-1104.

Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang, Stephen Lin, and Han
Hu. 2022. Video swin transformer. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 3202-3211.

Ilya Loshchilov and Frank Hutter. 2016. Sgdr: Stochastic gradient descent with
warm restarts. arXiv preprint arXiv:1608.03983 (2016).

Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. 2019. Vilbert: Pretrain-
ing task-agnostic visiolinguistic representations for vision-and-language tasks.
Advances in neural information processing systems 32 (2019).

Huaishao Luo, Lei Ji, Ming Zhong, Yang Chen, Wen Lei, Nan Duan, and Tianrui
Li. 2022. Clip4clip: An empirical study of clip for end to end video clip retrieval
and captioning. Neurocomputing 508 (2022), 293-304.

Yiwei Ma, Guohai Xu, Xiaoshuai Sun, Ming Yan, Ji Zhang, and Rongrong Ji. 2022.
X-clip: End-to-end multi-grained contrastive learning for video-text retrieval. In
Proceedings of the 30th ACM International Conference on Multimedia. 638-647.
Niluthpol Chowdhury Mithun, Juncheng Li, Florian Metze, and Amit K Roy-
Chowdhury. 2018. Learning joint embedding with multimodal cues for cross-
modal video-text retrieval. In Proceedings of the 2018 ACM on International Con-
ference on Multimedia Retrieval. 19-27.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sand-
hini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al.
2021. Learning transferable visual models from natural language supervision. In
International conference on machine learning. PMLR, 8748-8763.

Jenny Denise Seidenschwarz, Ismail Elezi, and Laura Leal-Taixé. 2021. Learning
intra-batch connections for deep metric learning. In International Conference on
Machine Learning. PMLR, 9410-9421.

Weijie Su, Xizhou Zhu, Yue Cao, Bin Li, Lewei Lu, Furu Wei, and Jifeng Dai. 2019.
Vl-bert: Pre-training of generic visual-linguistic representations. arXiv preprint
arXiv:1908.08530 (2019).

Chen Sun, Austin Myers, Carl Vondrick, Kevin Murphy, and Cordelia Schmid.
2019. Videobert: A joint model for video and language representation learning.
In Proceedings of the IEEE/CVF international conference on computer vision. 7464—
7473.

Hao Tan and Mohit Bansal. 2019. Lxmert: Learning cross-modality encoder
representations from transformers. arXiv preprint arXiv:1908.07490 (2019).

Tim Van Erven and Peter Harremos. 2014. Rényi divergence and Kullback-Leibler
divergence. IEEE Transactions on Information Theory 60, 7 (2014), 3797-3820.
Petar Veli¢kovi¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
Lio, and Yoshua Bengio. 2017. Graph attention networks. arXiv preprint
arXiv:1710.10903 (2017).

Wei Wang, Junyu Gao, Xiaoshan Yang, and Changsheng Xu. 2020. Learning
coarse-to-fine graph neural networks for video-text retrieval. IEEE Transactions
on Multimedia 23 (2020), 2386-2397.

Keyu Wen, Xiaodong Gu, and Qingrong Cheng. 2020. Learning dual semantic
relations with graph attention for image-text matching. IEEE transactions on
circuits and systems for video technology 31, 7 (2020), 2866—-2879.

Ruicong Xu, Li Niu, Jianfu Zhang, and Liging Zhang. 2020. A proposal-based
approach for activity image-to-video retrieval. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, Vol. 34. 12524-12531.

Yichao Yan, Jie Qin, Jiaxin Chen, Li Liu, Fan Zhu, Ying Tai, and Ling Shao. 2020.
Learning multi-granular hypergraphs for video-based person re-identification. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
2899-2908.

An Yang, Junshu Pan, Junyang Lin, Rui Men, Yichang Zhang, Jingren Zhou, and
Chang Zhou. 2022. Chinese clip: Contrastive vision-language pretraining in
chinese. arXiv preprint arXiv:2211.01335 (2022).

Wenjie Yang, Yiyi Chen, Yan Li, Yanhua Cheng, Xudong Liu, Quan Chen, and Han
Li. 2023. Cross-view Semantic Alignment for Livestreaming Product Recognition.
arXiv preprint arXiv:2308.04912 (2023).

Bowen Zhang, Hexiang Hu, and Fei Sha. 2018. Cross-modal and hierarchical
modeling of video and text. In Proceedings of the european conference on computer
vision (ECCV). 374-390.

Hongrui Zhao, Jin Yu, Yanan Li, Donghui Wang, Jie Liu, Hongxia Yang, and
Fei Wu. 2021. Dress like an internet celebrity: Fashion retrieval in videos. In
Proceedings of the Twenty-Ninth International Conference on International Joint
Conferences on Artificial Intelligence. 1054-1060.

Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang, Cheng Yang, Zhiyuan Liu,
Lifeng Wang, Changcheng Li, and Maosong Sun. 2020. Graph neural networks:
A review of methods and applications. Al open 1 (2020), 57-81.

Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. 2022. Condi-
tional prompt learning for vision-language models. In Proceedings of the [EEE/CVF
Conference on Computer Vision and Pattern Recognition. 16816-16825.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



	Abstract
	1 Introduction
	2 Related works
	2.1 Livestreaming Product Retrieval
	2.2 Cross-domain Retrieval and Interaction
	2.3 Reason Graph Learning

	3 Method
	3.1 Global Representation Alignment
	3.2 Graph-based Cross-domain Interaction
	3.3 Selective Multi-modal Fusion
	3.4 Optimization Target
	3.5 Model Inference

	4 Experiments
	4.1 Experimental Setup
	4.2 Comparison with Other Methods
	4.3 Qualitative Results
	4.4 Ablation Study

	5 Conclusion
	References



